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Abstract

Innovative Rehabilitation Approach for Upper Limb Neurologic Conditions Using
Mixed-Reality Simulation and EEG/EMG Biofeedback

Arsheya Raj

Chair of the Supervisory Committee:

Erika Parsons

School of Science, Technology, Engineering & Mathematics

Recent advances in Augmented Reality (AR), Mixed Reality (MR), Electroencephalo-

gram (EEG), and Electromyogram (EMG) offer significant opportunities in medicine and

neuroscience. This research aims to use these technologies to aid stroke patients with upper

limb extremity weakness. This work extends the Edge Computing Ecosystem for Neuro-

science Patients’ Rehabilitation, part of the ’Stroke Rehabilitation Project’ by University of

Washington Bothell Engineering, University of Washington Seattle Neuroscience, and Reha-

bilitation Medicine at Harborview Medical Center (UWHM). Recently, UW Bothell’s CSSE

has also contributed, focusing on solutions for stroke patient rehabilitation. Traditional

motor rehabilitation is costly, resource intensive, and often monotonous, reducing patient

engagement. Using augmented and mixed reality technologies, interactive environments can

be created on mobile devices, providing engaging and motivating experiences for patients.

AR simulates real-world scenarios, offering a safe and fun way to practice tasks and aid in

rehabilitation.

We used EEG and EMG sensors to conduct experiments and to collect data in a controlled

environment targeting a reduced set of representative relevant motor tasks. The data were

processed using various signal processing and statistical techniques, which in combination

with the MR / AR simulation can be used to build a novel feedback and guidance system.



This system is a building block of our “NeuroRehab” ecosystem, which will use various ML

models and algorithms for sequential prediction, with the aim of guiding patients through

an optimal rehabilitation path within the 3D simulation environment.

Results showed that the combination of Frequency Filtering, ICA, and ERP with CNN

model yield, so far, the best accuracy for classifying the motor tasks in EEG and EMG

data. These findings contribute to the field of stroke rehabilitation of upper limb extremity

weakness. It also contributes to a larger project that aims for better understanding and

rehabilitation of other neurological ailments by offering insights to different hand gestures

using EMG, and EEG data, and creating a framework for data processing, and feedback

systems.
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GLOSSARY

EDGE COMPUTING (EC) ECOSYSTEM: It refers to a distributed computing frame-
work where data processing and analysis occur close to the data source, reducing
latency and bandwidth use while enhancing real-time capabilities and efficiency.

AUGMENTED REALITY (AR): Augmented Reality (AR) overlays digital information
onto the real world, enhancing the user’s perception of their environment.

MIXED REALITY (MR): Mixed Reality (MR) blends real and virtual worlds, allowing
digital and physical objects to interact in real-time.

AMYOTROPHIC LATERAL SCLEROSIS (ALS): It is a progressive neurodegenerative
disease that attacks nerve cells in the brain and spinal cord, leading to muscle weakness.

PHYSICAL THERAPY (PT): PT is a treatment approach that uses exercises, manual
techniques, and other interventions to improve movement, reduce pain, and enhance
physical function.

SIGNAL-TO-NOISE RATIO (SNR): It measures the clarity of brain signals relative to
background noise.

BRAIN COMPUTER INTERFACING (BCI): BCI enables direct communication between
the brain and external devices.

MACHINE LEARNING (ML): It involves the development of algorithms that allow com-
puters to learn from and make predictions based on data.

ELECTROENCEPHALOGRAPHY (EEG): A technique that records electrical activity
of the brain via electrodes placed on the scalp.

ELECTROMYOGRAPHY (EMG): A technique which measures electrical activity in mus-
cles to assess their function and health.

INERTIAL MEASURING UNIT (IMU): An IMU tracks motion and orientation using
accelerometers and gyroscopes.

EVENT RELATED POTENTIAL (ERP): It measures brain responses triggered by spe-
cific events or stimuli.
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INDEPENDENT COMPONENT ANALYSIS (ICA): It isolates distinct brain signal sources
from mixed electrical activity.

FREQUENCY FILTERING (FF): A technique which isolates specific frequency ranges
from a signal to remove unwanted noise or highlight relevant components.

FAST FOURIER TRANSFORM (FFT): Converts a signal from time domain to frequency
domain for analysis.

ROOT MEAN SQUARE (RMS): It measures the average magnitude of a signal’s varia-
tions.

MEAN ABSOLUTE VALUE (MAV): Calculates the average of the absolute values of a
signal.

SUPPORT VECTOR MACHINE (SVM): It is a classification algorithm that finds the
optimal boundary between classes by maximizing margin.

CONVOLUTIONAL NEURAL NETWORK (CNN): A type of deep learning model that
excels in image and pattern recognition by using convolutional layers.

FEEDFORWARD NEURAL NETWORK (FNN): It is a type of neural network where
information flows in one direction, from input to output, without loops.

RECURRENT NEURAL NETWORK (RNN): It is a neural network designed for sequen-
tial data, where connections form directed cycles to capture temporal dependencies.

LONG SHORT-TERM MEMORY (LSTM): A type of RNN that manages long-term de-
pendencies by using gating mechanisms to control the flow of information.

ANALYSIS OF VARIANCE (ANOVA): It assesses differences between group means to
determine if they are statistically significant.

KERNEL DENSITY ESTIMATE (KDE): In a violin plots, KDE shows the distribution
of data by smoothing out its probability density.

INTERQUARTILE RANGE (IQR): In violin plots, the Interquartile Range (IQR) rep-
resents the middle 50% of the data, showing the range between the first and third
quartiles.

EUROPEAN DATA FORMAT (EDF): A standard file format for storing EEG data.
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Chapter 1

INTRODUCTION

1.1 Background

Recent advancements in Augmented Reality (AR), Mixed Reality (MR), Machine Learn-

ing (ML), Electroencephalogram (EEG), and Electromyogram (EMG) have allowed these

technologies to be widely accessible, presenting numerous opportunities for applications,

especially in medical fields such as neuroscience.

Electroencephalography (EEG) is a non-invasive technique used to record the electrical

activity of the brain. EEG data is used in a wide range of applications, including clinical

diagnosis, cognitive neuroscience, and brain-computer interfaces. Electromyography (EMG)

is a technique used to measure and analyze electrical activity in muscles during contraction

and at rest. It helps assess muscle function and diagnose neuromuscular disorders by detect-

ing and recording electrical signals from muscles. Augmented Reality (AR) overlays digital

information onto the real world to enhance the user’s environment, while Mixed Reality

(MR) blends real and virtual worlds, enabling interactive and immersive experiences, such

as games.

In this research, we propose the combined use of these technologies to create and study

new ways to help with the rehabilitation of patients recovering from neurological conditions

such as neurological disorders and/or nerve damage in upper limb. The proposed work is

an extension of the existing Edge Computing (EC) Ecosystem for Rehabilitation of Neuro-

science Patients [46] [13], which was initially focused on developing solutions to help with

the rehabilitation of stroke patients experiencing upper extremity weakness [5]. Figure 1.1

shows a high-level schematic of this ecosystem, focusing only on the EEG and EMG and

AR/VR aspects.
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Figure 1.1: Edge Computing Ecosystem High-Level Architecture

Upper extremity weakness is a weakness in muscle strength in the arms, hands, and

fingers. It can be unilateral (affecting one side of the body) or bilateral (affecting both sides

of the body) [50]. It can also be focal (affecting specific muscles or muscle groups) or diffuse

(affecting the entire upper extremity). Upper extremity weakness can be caused by a variety

of factors, including:

• Neurological disorders, such as stroke, amyotrophic lateral sclerosis (ALS), multiple

sclerosis, and spinal cord injury

• Nerve compression syndromes, such as carpal tunnel syndrome, and more

• Metabolic disorders, such as hypothyroidism and hyperparathyroidism

In particular, the scope of the proposed research will be the rehabilitation of upper ex-

tremity weakness caused by nerve injuries and spine compression. The goal of rehabilitation

is to help people recover or adapt to the physical, cognitive, and emotional changes that
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often result from neurological conditions [3].

Traditional motor rehabilitation, often therapist-driven and reliant on training equip-

ment, typically occurs in rehabilitation centers under medical staff supervision. However,

this approach incurs substantial costs in terms of manpower and resources. In addition, the

repetitive nature of the training, which lacks effective patient-system interaction, often leads

to monotony, diminishing the overall effectiveness of rehabilitation efforts. Many patients

struggle to adhere to traditional Physical Therapy (PT) exercises [16] [47] [24], finding them

tedious, challenging and / or boring, or may have a hard time commuting to hospitals or

other locations where PT is performed.

To address these challenges, Mixed Reality (MR) and Augmented Reality (AR) technolo-

gies offer a promising solution. AR and MR technologies enables the creation of interactive

and immersive environments on personal mobile devices and laptops. This can enable the

creation of rehabilitation-related games that can help improve patient engagement and moti-

vation during therapy exercises. In addition, the use of these technologies can allow feedback

and guidance that can support patients in improving their motor skills and cognitive abili-

ties. AR can simulate real-world scenarios and games on portable devices, allowing patients

to practice functional tasks and regain independence in a more comfortable, accessible, yet

controlled environment [23].

In this study, Thalmic Labs’ MyoBands were used to capture EMG data and hand

gestures[15] . The Myo armband, also known as the “MyoBand,” is a wearable technol-

ogy designed to capture Electromyogram (EMG) signals and Inertial Measuring Unit (IMU)

Motion data emanating from the forearm muscles. EEG can be used to capture information

about brain pathology through the analysis of neural activity patterns. EEG can be used to

measure event-related potentials (ERP), which are changes in electrical activity in the brain

in response to specific events or stimuli. Classification of motor tasks from EEG data has

been the subject of extensive research in recent years. Various preprocessing techniques, such

as frequency filtering (FF), and independent component analysis (ICA) have been employed

to increase the signal-to-noise ratio (SNR) of EEG data and improve classification accuracy.
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EEG data contains a significant amount of noise, including EMG contamination caused by

the propagation of muscle signals into EEG data. Reducing this noise is of significant interest

to brain computer interfacing (BCI).

In addition, different classification models, including support vector machines (SVM),

feedforward neural networks (FNN), convolutional neural networks (CNN), recurrent neural

networks (RNN), long-short-term memory (LSTM), were used to classify motor tasks from

EEG and EMG data. Evaluation metrics such as gesture recognition accuracy, F1 score,

precision and recall have been used to assess the performance of these classification models.

1.2 Goals and Motivation

The motivation of this research is to explore the gamification of neurological conditions re-

habilitation to create a more engaging and enjoyable experience for patients. In particular,

our work explores the design of AR/MR simulations with the aim of improving upper limb

extremity stroke rehabilitation. This study will examine the AR/MR simulation’s design

platform, content, and mobile application design, which in combination with data analysis,

ML, and the incorporation of related medical advice, will provide a foundation for the devel-

opment of similar tools for other neurological conditions. Furthermore, this work will be an

initial component of a larger Edge Computing (EC) ecosystem, which envisions the use of

similar approaches and technologies to enhance recovering neurology patients. This system

is dubbed the “Smart NeuroRehab Ecosystem”.

Our motivation, from a community-oriented perspective, is to create a more engaging, ac-

cessible, modernized, and technologically-driven tool for specialized rehabilitation therapies

that supports both, patients and medical professionals:

• From a patient’s perspective, the need for a more engaging and interactive way to carry

out rehabilitation therapy exercises even outside a hospital setting.

• To provide a tool for rehabilitation and medical professionals that allows them to track

their patients progress and eventually help create “smart” exercise routines for patients.
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From a technical perspective, our motivation is to study the combined use of emerging

technologies (both hardware and software) in a medical application setting. Particularly, to

bring in statistical and ML techniques to analyse EEG and EMG data to study emerging

patterns that can then be used to create adaptive gaming routines. Routines that with the

use of AR/MR, could be used to transform dull tasks into entertaining tasks with flexible

challenge levels. In Section 1.3 below, we will provide specifics of our research objectives.

The concept of the “Smart NeuroRehab Ecosystem” was envisioned by Dr. Parsons,

motivated by the existing “Stroke Rehabilitation Project”, started by the Engineering De-

partment at the University of Washington Bothell (UWB) in conjunction with UW Seattle

Neuroscience and Rehabilitation Medicine at Harborview Medical Center in Seattle (UWHM)

and more recently CSSE (Computer Science and Software Engineering) (UW Bothell).

The research presented in this thesis encompasses novel groundwork for the NeuroRehab

Ecosystem, and it is influenced by and extends from the aforementioned Stroke Rehabilitation

Project.

1.3 Research Objectives

The broader objective of this work is to create a proof-of-concept AR/MR game/simulation

capable of recognizing hand gestures that can assist therapists in the task of rehabilitating

patients with upper limb neurological issues. In our work, we will refer to this novel type of

adaptive software application as “NeuroGame” 1. Its development also involves the integra-

tion of MyoBands to capture muscle signals,which introduce a new dimension of interactivity

and functionality to improve the AR/MR experience. This is a first of more potential Neu-

roGames that involve the use of biofeedback devices, all part of the NeuroRehab Ecosystem

mentioned in 1.2 . Patients’ ethical and privacy concerns have been considered for this

system but are out of the scope of this thesis work [46].

Since this research involves the combination of various technologies, we can group the

1The term neurogames has been loosely used to refer to a childrens’ educational platform as described
in Wikipedia [59], however, this is unrelated to this thesis work.
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objectives of this research into the following categories:

• Game/Simulation Development: involving the use of Augmented and Mixed Reality

• ML and HPC: also encompassing Data Analysis to study EEG and EMG data and

model creation and training

• Medical Application Domain: the use of Neuroscience concepts, devices, and rehabili-

tation therapy

It is worth mentioning that the categories of game development or 3D simulation and

medical application are heavily intertwined since the initial motivation of this work was

gamification of stroke rehabilitation therapy.

Next, we detail specific objectives based on the intersection of these categories:

Game Development and Rehabilitation

• Explore the integration of an AR/MR application for gamifying rehabilitation ses-

sions. Collaboration with neuroscience experts along the way will ensure the value and

effectiveness of the game.

• Provide an immersive experience for patients, while simultaneously simplifying data

collection and monitoring for medical professionals. The scoring system of the game

will reflect individual progress and goals within personalized profiles, with the pur-

pose of improving patient engagement and motivation. Feedback and guidance further

contribute to motor-skill relearning and goal attainment.

• Create a basic flexible gaming platform for personal devices. Although originally in-

tended for hospital deployment, through the use of a smartphone, PC or tablet, patients

could continue rehabilitation at home, similar to experiences like Pokémon Go [29].

Machine Learning and HPC

• Investigate the effectiveness and performance of various data preprocessing techniques

for the classification of motor tasks in EEG and EMG data, e.g., FFT, ICA, ERPs. We
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focus on a set of motor tasks: making a fist, finger spread, hand flexion and extension

and double finger tap (see Figure 1.2).

• Develop an experimental design for data collection: as part of the EC environment,

we incorporate the use of various types of sensors, e.g., EEG and EMG devices, and

cameras for face and hand tracking (used in different parts of the larger NeuroRehab

project). This is a crucial aspect of this research as EEG data is complex and much

is still not well understood, so we need an environment where we can control as many

variables as possible and aim for result repeatability.

• Develop our application as part of an Edge Computing (EC) environment (the Neu-

roRehab Ecosystem depicted in Figure 1.1). AR/MR and ML can be computationally

expensive, and EC environments are subject to resource constraints – diverse types of

computational devices are being used, from microprocessors to large servers working

together, which in addition, can make deployment challenging.

Figure 1.2: Lateral hand-wave, formally known as Hand Flexion and Extension [39]

Medical Application Domain

• Neuroscience Concepts: Apply motor learning and neuroplasticity principles to

create effective rehabilitation tools. In rehabilitation, neuroplasticity refers to the
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brain’s capacity to reorganize and form new neural pathways to recover lost functions

and adapt to new conditions following injury or stroke.

• Rehabilitation Devices: Utilize MyoBands and EEG headsets for muscle and brain

activity monitoring to enhance therapy.

• Therapeutic Goals: Design the AR/MR simulation to support personalized therapy

for conditions like stroke and carpal tunnel syndrome, and collaborate with therapists

to validate and refine features.

1.4 Scope and Limitations

While conducting this study, several limitations surfaced, and I would like to transparently

acknowledge them :

• EEG signals contain a lot of noise so it will create problems when we train the ML

models.

• It is worth mentioning that Thalmic Labs’ Myo Software is no longer supported by

the company. This means acquiring the software may be difficult, and if it isn’t pre-

installed on your computer, you might need to look for alternative solutions, such as

finding a public repository.

• The EEG headset was not in optimal condition during the experiments.

• Data for the experiments is collected from University of Washington Bothell student

volunteers, this potentially influences generalizability to other groups. The experiments

do not include hyperparameter tuning for preprocessing or machine learning models,

which affects the generalizability of the findings.

The next chapter explores related works in AR/MR games for stroke rehabilitation,

incorporating Brain Signals, EMG Signals, which are similar and different from this study.
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Chapter 2

RELATED WORK

In this chapter, the existing work related to Augmented Reality/Mixed Reality Game

Designs, Electromyography (EMG) and Electroencephalography (EEG) signals that support

our research and study is discussed.

2.1 Literature Review

Brain-Computer Interface (BCI) training complements traditional physical therapy and may

improve upper extremity motor function and brain recovery in stroke patients [4]. The BCI-

based device and its associated therapy align with the principles of classical neuromotor

rehabilitation. It offers physical therapists a tool to monitor and evaluate the patient’s

involvement in cognitive exercises, while also supporting patients in practicing motor tasks

[20].

An AR game can offer interactive immersive exercises tailored to upper limb weakness

rehabilitation, with tasks that mimic real-world movements to encourage engaging and en-

joyable activities and games [26]. EEG, which measures brain activity using a BCI, can

be incorporated to enhance the adaptability of the AR game. By analyzing EEG signals,

the game can dynamically adjust difficulty levels, pace, and task complexity based on the

user’s cognitive responses. This creates a personalized and responsive gaming experience

[43]. EMG, which measures muscle activity, adds another layer of feedback. The game can

use EMG data to assess muscle engagement during specific tasks. This information helps to

provide feedback on the effectiveness of movements performed in the game, guiding users to

optimal muscle activation for rehabilitation [34].

These technologies can be combined, as detailed in the research paper of “Enhanced
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recognition of amputated wrist and hand movements using deep learning and multimodal

fusion of EMG and EEG” [48]. Data were collected from five amputees and nine healthy

controls according to the experiment protocol shown in Figure 2.1. This research paper talks

Figure 2.1: Schematic of experimental protocol based on two of six wrist and hand movements

[48]

about motion classification for prosthetic arm control using EEG and EMG signals is limited

by noise and resolution issues. This study proposes a system fusing these signals into 2D

images for transfer learning, improving accuracy by 4.18-4.35 percent in healthy controls and

2.51-3.00 percent in transforearm amputees.

It explains how to combine and process EEG and EMG signals, helping us understand

how to use these data together to create a better rehabilitation system and showing why it’s

important.

This research was done in collaboration with Sunjil Gahatraj, a fellow Master’s student

from the University of Washington Bothell, CSSE. Sunjil’s project, titled “Enhancing Neu-

rological Rehabilitation: Combining Gaming, Robotics, and Machine Learning in an Edge

Computing Environment,” is quite similar to mine. While Sunjil focused on using robotics
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Figure 2.2: Architecture of our model showing training model for motion classification based

on a CNN algorithm for each single datum [48]

and camera input to detect hand movements, I used AR/MR environments and EMG data

for simulation. We worked together on developing the EEG data pre-processing pipeline and

identifying tendon and nerve glide exercises. Sunjil also contributed to parts of the binary

classification code.

Several recent studies have addressed the topic of Neurological Rehabilitation for Upper

Limb extremity weakness using AR and EEG and/or EMG. Some of the recent related works

are as follows:

2.2 Related Work

Augmented and Mixed Reality

One of the research papers titled as “The Mobile RehApp(TM): an AR-based mobile game

for ankle sprain rehabilitation” by Garcia and Navarro discusses Mobile 3D AR games[26].

Recognizing the common issue of people losing interest in rehabilitation exercises due to their

repetitive nature, there have been recent efforts to incorporate interactive video games into

rehabilitation programs. These innovative approaches, exemplified by successful implemen-

tations such as Nintendo Wii and Microsoft Kinect games, have shown positive results in
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engaging users in physical activities while making the rehabilitation process more enjoyable.

Surprisingly, there is a noticeable gap in the market when it comes to portable rehabilitation

tools in the form of interactive games.

This paper introduces the Mobile RehApp™, an augmented reality-based application

tailored for mobile devices as shown in Figure 2.3 . This groundbreaking tool is designed to

provide therapeutic support, specifically targeting ankle sprain rehabilitation. The aim is to

Figure 2.3: MARS Invaders running on the iPad [26]

not only enhance patient engagement but also offer a valuable resource for physiotherapists,

revolutionizing the landscape of rehabilitation through the integration of interactive and

portable technologies.

This research paper demonstrates the usefulness of an AR game in the mobile / ipad

version and helps us understand how a portable game is useful for rehabilitation. It also

discusses the limitations of these games, like these games require either an immovable object,

rubber tubing, weights, or the clinician to provide resistance, or it requires a board in which

the user stands and keeps from falling. Additionally, these games can be developed in mixed

reality (MR) to provide a more immersive experience by combining features of both AR and

VR.



13

Electroencephalography (EEG)

A different study which is titled as “Wavelet the EEG signals used for Stroke Rehabilita-

tion” by Singh discusses EEG signals post-stroke[43]. Post-stroke monitoring is crucial for

understanding patients’ progress during rehabilitation. The study focuses on evaluating the

effectiveness of rehabilitation exercises by investigating various parameters that play a role

in observing immediate changes. Over a 90-day period, different wavelet coefficients were

used to extract parameters, with energy and waveform length showing significant variation

before and after the exercise. The study also conducted region-specific analyzes to mon-

itor changes in different parts of the brain, providing a comprehensive understanding of

post-stroke recovery.

It demonstrates how EEG signals can help establish a recovery system after stroke. This

research paper is interesting as it compares the data for Pre and Post the exercises as shown

in Figure 2.4.

Figure 2.4: Topoplots of pre and post exercise for each sub-band [43]

Most research papers usually discuss post-stroke results only with ’rest’ movement. It

also offers a valuable perspective to improve task design in mobile games, particularly to
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optimize stroke recovery.

Electromyography (EMG)

Another research article titled “A VR-Based Motor Imagery Training System With EMG-

Based Real-Time Feedback for Post-Stroke Rehabilitation” discusses the role of combining

VR and EMG in Stroke Rehabilitation by describing how motor tasks that use EMG are

combined with a VR environment[34]. In the realm of post-stroke rehabilitation, a VR-based

motor imagery system is making strides. Addressing the challenge of confirming patient en-

gagement during motor imagery training, this system incorporates surface electromyographic

(EMG) real-time feedback. In experiments involving post-stroke patients, the VR system

immerses them in a basketball shooting scenario for bilateral upper limb training as shown

in Figure 2.5. EMG data, collected during the evaluation, is used to personalize the training

and quantitatively assess the degree of participation.

Figure 2.5: A schematic representation of the three EMG experiments [34]

Results indicate significant differences in muscle strength between different experiments,

showcasing the effectiveness of EMG-based feedback. This VR-assisted motor imagery sys-
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tem emerges as a promising avenue for personalized and engaging post-stroke rehabilitation.

The discussion of a basketball game in this paper is not only relevant to my upper limb

extremity stroke research but also holds potential for incorporating hand gestures in the

game. The setup of the experiment, which involves data from both adults and children,

is particularly valuable for my EMG analysis. This adds a dynamic layer to the research,

offering insights that bridge both the rehabilitation context and the interactive elements of

a basketball game. These interconnected insights pave the way for a holistic and purposeful

approach in my research on game design and rehabilitation.

Furthermore, a highly relevant research paper was titled “Hand Gesture Recognition

Using EMG-IMU Signals and Deep Q-Networks” [27]. It explores hand gesture recognition

systems using EMG and IMU (Inertial Measuring Unit) signals, often leveraging supervised

machine learning. This work introduces a reinforcement learning (RL) approach with a deep

Q-network (DQN) to classify and recognize eleven hand gestures, achieving up to 98.95%

accuracy with the Myo armband sensor. It demonstrates how combining EMG data with

IMU data can enhance the training of ML or Deep Learning (DL) models.
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Chapter 3

TECHNICAL BACKGROUND

In this chapter we discuss the technical background for this work related to motor clas-

sification of EEG Signals and EMG Signals, Mixed Reality (MR)/Augmented Reality (AR),

and statistical analysis/machine learning.

3.1 Electroencephalography (EEG) Signals

Electroencephalography (EEG) is a technique that records electrical activity in the brain

through electrodes placed on the scalp. Brain-computer interfaces (BCI) use these EEG

signals to interpret brain activity and facilitate direct communication between the brain and

external devices, enabling the control of computers, prosthetics, or other assistive technolo-

gies [33]. Brain waves primarily consist of alpha, beta, theta, and delta waves, with less

common waves being gamma and mu waves. Figure 3.1 below shows some examples of com-

mon brain waves. These waves are primarily measured by frequency and amplitude. Further,

each wave is associated with a different mental and physical state, for example, alpha waves

are associated with a restful state with little mental activity, while beta waves are associated

with intense activity or concentration.

Figure 3.1: Examples of common brain waves in EEG data [53]
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Currently, the most prevalent method for monitoring brain states is electroencephalogra-

phy (EEG). An EEG device measures cortical brain activity by detecting electrical potentials

generated by synapses that activate on the surface of the brain [32]. The data from an EEG

are recorded as a waveform in microvolts and time in an electroencephalogram. Figure 3.2

shows the distribution of the EEG electrodes.

Figure 3.2: Distribution of EEG Electrodes [57]

The Wireless DSI-7 of Wearable Sensing is the leading dry electrode EEG system in

terms of signal quality and comfort. We used the DSI Steamer for the data collection from

the headset. Figure 3.3 displays the default screen of the DSI Streamer after connecting to

the EEG headset [56]. The DSI Streamer transmits physiological data from a monitoring

system, such as EEG signals, to a computer via a COM port.

Independent Component Analysis

Independent Component Analysis (ICA) is a powerful signal processing technique applied in

EEG data analysis to decompose complex mixed signals into their underlying independent

components. EEG signals are a blend of neural activity, physiological artifacts (such as eye
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Figure 3.3: EEG Signals using DSI-7 Streamer

blinks and muscle movements), and environmental noise. ICA leverages the assumption that

these components are statistically independent to effectively separate and isolate each source

of signal.

This decomposition allows us to pinpoint and examine specific neural signals associ-

ated with cognitive processes or motor tasks, which might otherwise be hidden by noise or

artifacts. By isolating and removing unwanted artifacts, such as those of eye movements

or muscle contractions, ICA improves the clarity and interpretability of EEG data. This

improvement facilitates a more accurate analysis of brain activity, contributing to better

understanding of cognitive and neurological functions [10].

Frequency Filtering

Frequency filtering (FF) is a common technique in motor task preprocessing for both EEG

and EMG signals, designed to isolate specific frequency ranges of interest. This method

enhances the signal-to-noise ratio by amplifying certain frequency bands, thus improving

the clarity of relevant neural activity. Various filters, such as high-pass, low-pass, band-

pass or notch filters, can be used depending on the research goals and the characteristics
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of the EEG and EMG data, with band-pass filtering being the most widely used during

preprocessing [58]. This approach enables researchers to focus on specific frequency ranges

linked to different brain wave activities, such as alpha, beta, theta, or gamma waves, allowing

for a more focused analysis of brain dynamics and functional connectivity.

Event Related Potentials

Event-related potentials (ERPs) in EEG are brainwave patterns that occur in response to

specific sensory, cognitive, or motor events. They are used to study how the brain processes

stimuli and performs tasks. ERPs stem from sensory or motor-evoked potentials and can

vary in intensity and timing. Examples include making a fist, pinching, touching the face,

hand waving, and many more. Furthermore, brain waves differ with age, with certain types

more common in children than in adults, and vice versa.

Figure 3.4 displays the ERP waveform and it’s features. The ERP waveform represents

brain responses to specific stimuli, with features like N100, N200, P200, and P300 reflecting

different stages of cognitive processing. N100 and N200 are negative deflections related

to early sensory and cognitive processing, while P200 and P300 are positive deflections

associated with higher cognitive functions such as hand movements and decision-making [41]

[42].

Figure 3.4: Event-related potentials [30]
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Skewness in ERP Data measures how the distribution of ERP values deviates from

symmetry. Positive skewness indicates a longer tail on the right, suggesting more high values,

while negative skewness indicates a longer tail on the left, suggesting more low values. A

skewness close to zero suggests a symmetrical distribution of ERP responses.

Kurtosis in ERP Data assesses the ”tailedness” of the distribution. High kurtosis

indicates heavy tails and a sharp peak, meaning frequent extreme values, while low kurtosis

indicates lighter tails and a flatter peak, suggesting fewer extreme values. Kurtosis close to

zero implies a standard distribution with typical levels of extreme responses.

Figure 3.5 below shows the mapping of senses and motor actions to the brain cortex. It is

a cortical homunculi, also known as sensory or motor homunculi, is a visual map of the body

on the brain’s cortex, showing distorted proportions based on the body’s representation in

the somatosensory and motor areas.

Figure 3.5: Cortical Homunculus Map [35]

EEGLAB is a widely-used open-source MATLAB toolbox designed for processing, an-

alyzing, and visualizing electroencephalographic (EEG) data [7]. It offers a comprehensive
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suite of tools for tasks such as data preprocessing, artifact rejection, independent compo-

nent analysis (ICA), and event-related potential (ERP) analysis. EEGLAB is user-friendly

and extensible, allowing researchers to implement custom scripts and plugins for specialized

analyses.

Next, we formally define the concept of artifact, which is used throughout this thesis and

in the context of EEG signals:

Definition 1. An artifact is an unwanted electrical activity or noise that originates from

sources other than the brain. These can include muscle movements, blinks, heartbeats, and

external electrical interference.

Artifacts can distort the EEG data, making it difficult to accurately interpret the under-

lying neural activity, so a means to remove them should be in place. An Artifact Rejection

refers to the process of identifying and removing or correcting these unwanted signals from

the EEG data to improve its quality and accuracy. Techniques for artifact rejection include

manual inspection, automated algorithms, and methods like independent component analysis

(ICA) to isolate and eliminate the non-neural components from the EEG recordings.

3.2 Electromyography (EMG) Signals

The Myo armband, often referred to as the “MyoBand,” is a wearable technology which

is designed to capture electromyography (EMG) signals and motion data from the forearm

muscles and interpret them into gestures and movements. The Myo armband allows users to

control digital devices, interact with virtual and augmented reality environments, and per-

form actions through intuitive hand and arm movements. Figure 3.7 unveils the composition

and components of the MyoBand.

In this study, Thalmic Labs’ Myo Armband was used to collect data using Myo Connect

software. Each Myo Armband is equipped with eight sensors, each providing a channel for

data collection. These channels help to capture detailed muscle activity, which can be useful

for applications such as gesture recognition and rehabilitation exercises. The Myo Armband
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is placed around a subject’s forearm, however, the specific muscle groups each channel tracks

can vary depending on the placement and orientation of the device. The following are some

of the muscles that can be tracked with this hardware (see Figure 3.6 for visual reference of

muscle location on the human arm):

• Channel 1: Extensor carpi radialis

• Channel 2: Extensor digitorum

• Channel 3: Extensor carpi ulnaris

• Channel 4: Flexor carpi ulnaris

• Channel 5: Flexor digitorum superficialis

• Channel 6: Flexor carpi radialis

• Channel 7: Pronator teres

• Channel 8: Brachioradialis

Figure 3.8 highlights the muscle groups tracked by the Thalmic Labs Myobands elec-

trodes. It displays 4 muscle groups from the anterior view and 4 from the posterior view of

the upper arm, all tracked during our experiments using the Myobands.

Zero Crossing Rate (ZCR): This metric counts how often the EMG signal crosses

the zero line, offering insights into the frequency of muscle contractions and the overall

complexity of the signal.

Waveform Length (WL): This feature measures the total length of the EMG signal’s

waveform, reflecting the complexity of muscle activity by capturing the extent of fluctuations

over time.

Inertial Measuring Unit (IMU)

In EMG studies, an Inertial Measurement Unit (IMU) is used to track the movement and

orientation of the body part being analyzed. This integration improves the interpretation of

muscle activity by providing valuable context on the physical position and movement of the

body [27].
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Figure 3.6: Muscles of the forearm [9]

Figure 3.7: Diagram of MyoBand and its components [14]
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Figure 3.8: Anterior and Posterior view of Upper Limb forearm [38]
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The IMU consists of two primary sensors:

• Gyroscopic Data: Measures rotational movement and changes in orientation by detect-

ing angular velocity. This data helps to understand how the body part rotates or tilts

during muscle contractions.

• Accelerometer Data: Measures linear acceleration and changes in velocity. It captures

how quickly the body part speeds up or slows down, providing insights into translational

movements.

By combining gyroscopic and accelerometer data, the IMU offers a comprehensive view of

the movement dynamics of the body part. This detailed information improves the accuracy of

muscle activity interpretation and provides additional features for training machine learning

models, leading to enhanced performance and precision in motion analysis and rehabilitation

applications.

3.3 Augmented/Mixed Reality

Augmented Reality (AR) offers a transformative impact on upper limb extremities neuro-

logical disorder rehabilitation [60] . By providing immersive visualizations of anatomical

structures and interactive exercises, AR enhances patient engagement and understanding.

Real-time feedback during exercises, personalized interventions, and remote support possi-

bilities through AR empower both patients and healthcare professionals. We believe that the

ability of technology to turn rehabilitation into interactive experiences not only motivates

patients but also allows for tailored rehabilitation plans, fostering more effective and enjoy-

able recovery journeys. AR’s potential in data collection and analysis further contributes

to refining rehabilitation strategies, promising more personalized and impactful outcomes in

stroke rehabilitation.

Unity 3D is a widely used game development engine that supports 2D, 3D, augmented

reality (AR) and mixed reality applications. It offers cross-platform development, advanced
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graphics, and an extensive asset store.

Mixed Reality (MR) combines virtual reality (VR) and augmented reality (AR) by in-

tegrating virtual objects into the real world, allowing users to interact with both digital

and physical elements at the same time. In MR, virtual objects blend with real-world sur-

roundings, letting users perceive and interact with them as if they were actually there. This

technology ranges from fully immersive virtual experiences to subtle enhancements of the

real world.

3.4 Upper Limb Extremity Weakness Background

Upper limb extremity weakness refers to a reduction in strength and function in the muscles

of the arms, which can result from various conditions such as stroke, nerve injuries (neurolog-

ical), or muscular disorders. This weakness can significantly impact daily activities, making

tasks like lifting, gripping, and reaching challenging. Upper limb extremity weakness, from

a neurological perspective, often stems from disruptions in the nervous system that affect

muscle control and strength.

The following exercises are commonly part of rehabilitation therapy for upper limb weak-

ness and can help improve strength, flexibility, and coordination in the hands and wrists,

which is crucial for daily activities [44][36]:

1. Grip Strengthening:

• Squeeze Ball: Squeeze a soft ball for 5-10 seconds, then release. Repeat 10-15

times. It is similar to making a fist.

2. Finger Dexterity:

• Finger Taps: Tap each finger on the thumb, one at a time, as quickly as possible.

3. Wrist Flexibility:
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• Wrist Flexion and Extension: Bend the wrist forward and backward, holding

each position for a few seconds.

• Wrist Rotations: Rotate the wrist in circular motions, both clockwise and

counterclockwise.

4. Range of motion:

• Finger Stretches: Spread fingers wide apart and then bring them back together.

• Thumb Opposition: Touch the thumb to each fingertip, one at a time.

Various PT exercises are designed to treat upper limb extremity weakness. A particularly

effective method is tendon and nerve glide exercises. These exercises are based on the hand

exercises described in Section 3.4. Figure 3.9 shows several exercises commonly used in PT

regimens to treat carpal tunnel syndrome and general upper limb extremity weakness [40],

these were used as a model for the set of exercises used in our experiments.

Figure 3.9: Carpal Tunnel Syndrome physical exercise procedure flow chart [40]

The exercises selected for our experiments vary from these, but are more easily tractable

by our EMG device (the MyoBand).
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3.5 Statistical and Machine Learning Background

Fundamental Statistical Measures

In statistics, several fundamental measures describe data groups, including the mean, vari-

ance, and standard deviation. While other basic measures exist, they are not covered in this

work. These values help to describe the centrality and dispersion of the data groups and are

defined below.

Mean: The average of a set of numbers, calculated by dividing the sum of the numbers

by their count. Also known as the arithmetic mean, it is the most commonly used

measure of central tendency.

x̄ =
1

n

n∑
i=1

xi =
x1 + x2 + ... + xn

n
[6] (3.1)

Variance: A measure of dispersion that describes how spread out the values in a data set

are around the mean. It is calculated as the average of the squared differences from

the mean and is also known as the square of the standard deviation.

Var(X) =
1

n

n∑
i=1

(xi − x̄)2 (3.2)

Standard Deviation: A measure of dispersion that indicates how much the values in a

data set deviate from the mean. It is expressed in the same units as the original data,

making it intuitive and useful for understanding variability. It is sensitive to outliers

and aligns with other statistical measures, providing a clear sense of the data’s spread.

SD(X) =

√√√√ 1

n

n∑
i=1

(xi − x̄)2 (3.3)

Mean Absolute Value (MAV): A measure of the average magnitude of a signal by com-

puting the mean of the absolute values of its samples, indicating the overall level of the
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signal.

MAV(X) =
1

n

n∑
i=1

|xi| (3.4)

Root Mean Square (RMS): A measure of the square root of the average of the squared

values of a signal, reflecting its power and intensity, and providing insight into the signal’s

strength and variability.

SD(X) =

√√√√ 1

n

n∑
i=1

x2
i (3.5)

Analysis of Variance

To evaluate the level of significance and reject the null hypothesis where multiple independent

groups exist would require a large number of t-tests, therefore this work utilizes a process

of the analysis of variance (ANOVA) test. ANOVA seeks to evaluate statistical power on

all groups simultaneously and thus describes how closely grouped all the groups are. It

accomplishes this using sum of squares to calculate variances across groups. Breaking down

the sum of squares components into totals, effects, and errors allows ANOVA to generate

a F-statistic value and generate a p-value for all the groups based on that value. The

equations for the sum of squares of error (also known as the residual sum of squares) and

the F-statistic are below. In equation 3.6 k is the number of groups, ni is the number of

observations in the i − th group, Yij is the j − th observation in the i − th group, and Ȳi

is the mean of the i − th group. After calculating the F statistic it is used to calculate the

p-value using a F-distribution with r − 1, nt − 1 degrees of freedom. Using ANOVA allows

one to evaluate the significance of overall results without the use of numerous t-tests while

still being mathematically rigorous. This step of the two-stage process does not evaluate the

significance of differences between individual groups however, requiring the second stage in

the process.

SSerror =
k∑

i=1

ni∑
j=1

(Yij − Ȳi)
2 (3.6)
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F ∗ =
MSbetween

MSwithin

=
SSeffect/(r − 1)

SSerror/nt − r
(3.7)

Violin Plots

A violin plot is a data visualization tool that combines aspects of box plots and kernel

density plots to provide a comprehensive view of a dataset’s distribution, central tendency,

and variability [22]. The width of the plot represents the data density at different values,

showing the distribution’s shape, while the central line indicates the median. The violin plots

are symmetrical and can display multiple distributions side by side for easy comparison. They

are particularly useful for identifying data characteristics such as skewness, modality, and

outliers, making them valuable for exploratory data analysis and comparing performance

metrics across different groups or categories.

Figure 3.10: Violin plot Distribution Explanation [22]

A violin plot consists of four components:

1. Median Point: The white dot at the center represents the median of the distribution.

2. Quartile Range: The thin gray bar inside the plot shows the interquartile range
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(IQR) of the data.

3. Distribution Tails: The long, thin lines extending outside the bar represent the

distribution beyond the IQR. Points beyond these lines are considered outliers.

4. Boundary Line: The boundary of the violin plot is defined by a kernel density

estimate (KDE) plot, illustrating the data distribution.
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Chapter 4

METHODS

4.1 Experiment Design

The brain is always subject to constant stimulation from multiple sources; our senses capture

all kinds of information, e.g., visual, auditory, tactile, olfactory. In addition, our brain is

continuously orchestrating all our body’s functions, from heartbeat to eye blinking. For these

reasons, it is expected that EEG data (in the form of brain waves) may appear chaotic and

noisy, and due to the nature of the data required for this research, it is necessary to set

up experiments that allow us to focus on collecting relevant signals. Experiments need to

focus on gathering brain waves that contain relevant information and that can be filtered

from noise the best we can. This was the first challenge to consider for the design of our

experiments, which consist of continuous sequences of activities that a subject must perform,

e.g., analogous in some ways to a routine of PT exercises given to a patient. Such sequences

can also be seen as “Game Flows”, or set of quests that a player would follow in order to

receive scoring points.

On the other hand, a novel aspect of our work is the introduction and use of EMG, in the

form of MyoBands as discussed in Chapter 3. This device allows us to capture signals coming

from the muscles. The EEG and EMG devices are worn at the same time by a subject, and

we aim to correlate signals from the muscles with those from the brain. A second challenge

in here, is posed by the limitations of the EMG device itself, i.e., the kind of arm/hand

gestures that can be detected by it. In addition, we needed to ensure that these actions

also made sense in the context of our game, specifically, we want those actions that can be

mapped into the game, e.g., navigation operation “move forward”.

The next challenge involved the identification of a limited set of arm/hand gestures picked
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up by the EMG device, that could also generate large spikes in the brainwaves read by the

EEG and that could be differentiated from other events (such as blinking) or isolated from

the “noisy” signals that the body constantly generates.

In order to design our experiment sequences, we need to also take into account the scope

of our research, which focuses on the study of upper limb conditions. For this, we derive

ideas from tendon and nerve-gliding exercises to treat upper limb extremity weakness as

mentioned in Section 3.4 and we define the set of actions that can be tracked by the EMG

device, generate significant EEG changes and are relevant to our therapeutic goals. Figure

4.1 depicts these actions. These exercises are also commonly incorporated into the PT

regimen to treat carpal tunnel syndrome and general upper limb weakness.

Definition 2. Let A represent the set of hand gestures that are detectable by our EEG

and EMG devices, have therapeutic relevance (upper extremity), and can be mapped to a

movement in the AR / MR environment.

Definition 3. In the context of this research, an action A ∈ A, is a single instance of a

hand gesture.

Definition 4. Let T represent a task , which is an interval of time during which an action

Ai is repeated several times.

Given that EEG will always be detecting changes in the brainwaves in a participant, we

need to define a baseline. Having defined actions as intentional, detectable movements that

a subject can do we can define a state of rest as our baseline:

Definition 5. Let R represent the state of rest, which is an interval of time during which

no intentional actions are being made by the subject.

4.1.1 Game Flow Sequences

Definition 6. Let G represent a Game Flow , which is a sequence of tasks each preceded

and followed by resting intervals, i.e., R, T1,R, T2,R...,R, Tn, R.
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Figure 4.1: Hand Postures for experiments considered for this research. Lateral Hand-wave

extension will informally be known as “Wave Out” and flexion as “Wave In”. Two-finger

tap is also known as “Double Finger Tap” since it involves tapping twice with two fingers

on the thumb.
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The Game Flow will not only be used in this thesis but will also be important in future

work, as discussed in chapter 6, section 6.2. Rest periods in EEG and EMG experiments are

essential for establishing baseline measurements and reducing artifacts from fatigue. They

also allow neural and muscle systems to recover, ensuring that data accurately reflects task-

related responses. In the field of EEG and EMG research, it is common practice to use a

5-second duration for tasks followed by a 9-second rest period [3]. The tasks performed by

the participants and their duration for this study are detailed in Table 4.1 (R is also included

in this table for convenience).

Table 4.1: Tasks considered for our experiments and their corresponding duration

Task T Duration (s)

Relax (R) 10

Make a Fist 7

Spread Fingers 7

Hand Wave In (Flexion) 7

Hand Wave Out (Extension) 7

Two (Double) Finger Tap 7

In our experiments, the duration of rest R is 10 seconds, and the duration of any task

T is 7 seconds. During those 7 seconds, the subject will perform a gesture A in a pulsating

manner, for instance, during the 7 seconds of the Finger Spread task time interval, the

subject will spread and collapse the fingers as shown in Figure 4.1, similarly, a Fist interval

will consist of clenching and releasing the fist during 7 seconds.

We designed two game flows for this study. Figures 4.2 and 4.3 present flow diagrams

with these Game Flows.

Definition 7. Let S be a session, which is as a single iteration of some game flow Gi

and lasts approximately 95 seconds.
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Figure 4.2: Game Flow 1 (G1) [1]

Figure 4.3: Game Flow 2( G2) [1]
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For a specific game flow G, participants are instructed to follow tasks in order for the

duration of the corresponding time, for instance:

10(R) + 7(T1) + 10(R) + 7(T2) + 10(R) + 7(T3) + 10(R) + 7(T4) + 10(R) + 7(T5) + 10(R)

totals 95 seconds.

Each participant repeated a session 5 times back-to-back, and since there are two differ-

ent game flows, each subject completed a total of 10 sessions. Hence, the overall amount of

time a subject participated was:

(95 × 5) × 2 = 950 seconds = 15 minutes and 50 seconds.

Definition 8. Let Ei represent an experiment, which is a set of n ∈ [1, 5] back-to-back

sessions of the game flow Gi

In our work, each participant completed two experiments, one for each game flow and

with n = 5. For the experiments, each participant is asked to sit in a comfortable position

on a chair that is placed inside a room with as few distractions as possible. The EEG device

is placed on their head and the EMG on their leading-hand forearm. As the experiment

begins, the participant is verbally instructed to follow the tasks corresponding to a specific

game flow.

To analyze and understand the data collected from each different task type, several

methods of preliminary data analysis were performed, including plotting raw channel signals,

frequency filtering, independent complement analysis (ICA), event-related potential (ERP)

and epoching. This will be discussed in detail in the following sections.

4.2 Data Collection

The data for this study was collected from volunteering UWB students and research team

members. All participants provided informed consent prior to the start of the experiment.

Data was collected using two programs corresponding, respectively, to the EEG and EMG

devices: the DSI-7 Streamer software from Wearable Sensing and Myo Connect software for

MyoBands. The matMYO plug-in [12][11] was used for the session to collect data from the
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Myoband. Raw EEG data was recorded and saved as an .edf (European Data Format) [8]

file using DSI Streamer, while raw EMG data was saved as a .csv file.

EEG

The EEG data was recorded using a 7-channel WearableSensing DSI-7 dry EEG system with

a sampling rate of 300 Hz. The electrode layout of the DSI-7 is shown in Figure 4.4 and has

the following Channels:

• F3: Frontal left region.

• C3: Central left region.

• P3: Left posterior region.

• Pz: Central posterior region.

• P4: Right posterior region.

• C4: Central right region.

• F4: Frontal right region.

Figure 4.4: DSI-7 Electrode Layout. LE is a reference node that acts as a conglomerate of

the other electrodes. F3 and F4 would correspond to the brain’s Frontal Lobe, while the rest

of the electrodes are on Parietal Lobe.
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The DSI Streamer is used to connect to the EEG headset and collect data for each session.

It is also used to calibrate each electrode and ensure a reliable connection. In addition, during

data collection, the event markers for movements must be placed manually in the raw EEG

file using DSI Streamer.

Figure 4.5 presents the high-level flow diagram for the EEG data collection.

Figure 4.5: Data Collection Diagram [13][56]. Data is wirelessly transmitted from the EEG

headset to DSI Streamer, which runs on a PC, where it is stored in the hard drive.

During our experimentation, we encountered various bugs in the DSI Streamer, some of
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them documented in [13], and others found through our study. We have documented these

findings in Appendix E together with panel images. Figure 4.6 displays the sample EEG

data collected by DSI Streamer.

Figure 4.6: Sample EEG Data in CSV format

EMG

The Myo Connect Software was used simultaneously to collect EMG data alongside EEG data

from DSI Streamer. Initially, the MyoBand was connected to the Myo Connect Armband

Manager, and a custom profile was set for each participant. For this configuration, the

participants performed a series of five hand movements: making a fist, spreading fingers,

waving in, waving out, and resting (See Figure 4.1) . This process synced the MyoBands

with their hands. Details about the Myo Connect Armband Manager can be found in the

Appendix D.

After syncing the MyoBand, data collection is carried out using the matMYO plugin.

First, the plugin is downloaded and opened in MATLAB. Then, the “Build MYO Mex”



41

MATLAB script is run, followed by the execution of the “myo 2c sfunc” cpp script, which

collects the data in a csv file format. This process gathers data from all eight EMG chan-

nels, together with IMU data (accelerometer and gyroscopic data on the x, y, and z axes).

Figure 4.7 displays the sample EMG data collected by the matMYO plugin.

Figure 4.7: Sample EMG and IMU Data in CSV format

4.3 Preprocessing Techniques

4.3.1 EEG Preprocessing

The raw EEG data collected during the motor task sessions was preprocessed using a combi-

nation of frequency filtering (FF), independent component analysis (ICA), and event-related

potentials (ERPs).

Figure 4.8 below illustrates the data preprocessing pipeline for EEG data on EEGLAB

used in the experiments.

The raw EEG data collected during the motor task sessions was preprocessed using

EEGLAB. First, the raw EEG data was imported into EEGLAB. This initial step ensured

that all data points were correctly integrated into the analysis environment. Event markers

and channel locations were then imported too, providing necessary contextual information

for the subsequent processing stages.

To enhance data quality, re-referencing and down-sampling were performed, and epoch

baselines were removed. Band-pass frequency filtering, specifically within the 8−13 Hz range

[49][17], was applied to isolate the frequencies of interest and minimize noise. The raw data

was examined and the event labels were adjusted if necessary to ensure accuracy.
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Figure 4.8: EEG Data Preprocessing Pipeline
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The data collected from some channels was found to distort the overall data integrity,

these channels were identified and rejected, if necessary. Additionally, large artifact time

points were removed as required. Independent Component Analysis (ICA) was run to further

clean the data, and components were rejected on the basis of necessity. The ICA components

were plotted for visual inspection.

An EEG EventList was created from ERPLAB, and event values and CodeLabels were

checked and updated for the tasks done during the experiments. Bins were assigned to

categorize the data effectively, and bin-based epochs were extracted for detailed analysis.

Artifact detection and removal were performed on the ERPs if necessary. Averaged

ERPs were computed to facilitate a clearer understanding of the underlying neural activity.

If required, the ERP data was filtered again to refine the results further.

Finally, ERP waveforms and scalp maps were plotted to visualize the data comprehen-

sively. The processed ERP waveforms were then exported as text files for further analysis

and documentation. This comprehensive preprocessing pipeline ensured the EEG data was

clean, accurate, and ready for subsequent analysis stages.

4.3.2 EMG Preprocessing

The raw EMG data collected during the motor task sessions using the matMYO plug-in

underwent preprocessing through a combination of techniques, including frequency filtering

(FF), feature extraction, and segmentation. Figure 4.9 below shows the complete form of

the data preprocessing of EMG data pipeline on MATLAB for the experiments.

The raw EMG data was collected and stored in .csv files using the matMYO plug-in. The

data was saved into different variables for EMG and IMU (accelerometer and gyroscopic)

data. If necessary, the data was synchronized and resampled to ensure consistency.

To preprocess the data, filters were applied to both EMG and IMU signals. A band-pass

filter between 20 and 450 Hz was used for EMG data, while a low-pass filter below 20 Hz

was applied to IMU data [31]. The original and filtered data were plotted to visualize the

filtering effects.
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Figure 4.9: EMG Data Preprocessing Pipeline
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The data was then segmented into 200 ms windows with a 50% overlap to capture de-

tailed information about muscle activity and movement. Features were extracted from the

segmented data, including mean absolute value, root mean square, variance, mean, standard

deviation, and more.

Finally, the extracted features from both EMG and IMU data were combined for further

analysis and classification. These features include Mean Absolute Value (MAV), Root Mean

Square (RMS), Variance, Zero Crossing Rate (ZCR), and Waveform Length (WL) for EMG

data and Mean and Standard Deviation for the IMU data. There are 5 distinct EMG

features, and EMG data has 8 channels, the total number of EMG features is calculated

as follows: (5 EMG features × 8 EMG channels) = 40 features. There are 2 features for

the IMU data (the accelerometer and the gyroscope). Each of these components has 3

axes (x, y, z). Therefore, the total number of axes is 6. Since each axis has 2 features,

the total number of features for the IMU data is calculated as follows: (2 IMU features ×

6(3 accelerometer axes + 3 gyroscope axes)) = 12 features. Hence , the total number of

EMG-IMU features is 40 + 12 = 52 features.

4.4 3D Simulation Design

In the 3D Simulation, the process begins with the Intro Scene, where users select their

character using hand gestures with the Myo Armband. After choosing a character and the

flow of the game, users start the gameplay with a fist gesture. During the game simulation,

users interact through predefined hand gestures associated with the selected game flow. The

game flow data is utilized to train machine learning (ML) models and develop a prediction

module after processing EEG and EMG data. The prediction models then interface with the

feedback application, which recommends the next-hand movement for the game. Figure 4.10

shows the flow architecture of the game.

Additionally, a free game flow scene allows users to create their own game flows, though

this feature is beyond the scope of the current thesis and is suggested for future development

in chapter 6, section 6.2 . The feedback and recommendation system is designed to enhance
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Figure 4.10: Game Architecture
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user experience by utilizing detailed metrics and features derived from the classification

models of EEG and EMG data. Key metrics include Gesture Recognition Accuracy, which

measures how accurately the system identifies and classifies hand movements, and the timing

of hand movements, which tracks the duration and sequence of gestures based on the game

flows.

Overall, this approach ensures that feedback and recommendations are closely aligned

with the user’s actual performance and needs, leading to more effective and personalized

training and rehabilitation experiences.

4.5 Classification Models and Statistical Analysis

To classify the preprocessed EEG and EMG data, several different models were imple-

mented. These machine learning models are as follows: Support Vector Machine (SVM),

Convolutional Neural Network (CNN), Feedforward Neural Network (FNN), Recurrent Neu-

ral Network (RNN), and Long Short-Term Memory (LSTM). Figure 4.11 illustrates the

classification and analysis done on the EEG data. Figure 4.12 shows the classification

and analysis done on the EMG data. Although the classification used features from both

EEG and EMG data in a multimodal fusion, the figures present the processes separately

for clarity. For EEG and ERP analysis, the extracted features were mean, standard de-

viation, minimum value, maximum value, range, median, skewness, kurtosis, peak value

P300 and peak time P300 of the ERP data. There are 10 distinct EEG-ERP features,

and with 7 EEG channels, the total number of EEG-ERP features is calculated as follows:

(10 EEG-ERP features × 7 EEG channels) = 70 features.

Support Vector Machine (SVM) is a supervised learning algorithm used for classification

and regression. It finds the optimal hyperplane that maximizes the margin between classes,

making it effective in high-dimensional spaces and robust to overfitting.

Convolutional Neural Network (CNN) is a deep learning algorithm effective for image and

spatial data processing. It uses convolutional layers to learn spatial hierarchies of features,

making it suitable for tasks such as image classification and object detection.
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Figure 4.11: EEG data Classification and Statistical Analysis Layout



49

Figure 4.12: EMG data Classification and Statistical Analysis Layout
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Feedforward Neural Network (FNN) is an artificial neural network with a straightforward

architecture of input, hidden, and output layers, where information moves in one direction.

It is used for various classification and regression tasks and serves as a basic building block

for more complex neural networks.

Recurrent Neural Network (RNN) is designed for sequential data processing, using feed-

back loops to maintain memory of previous input. This makes it suitable for tasks like

time-series analysis and natural language processing, although it can struggle with long-

term dependencies.

Long-Short-Term Memory (LSTM) is a type of RNN that handles long-term dependencies

through a set of gates that regulate information flow. This makes LSTMs well-suited for tasks

requiring understanding of long-term sequences, such as speech recognition and time-series

forecasting.

The performance of each model was evaluated on the basis of accuracy, precision, recall,

and F1 score metrics.

Overall, these classification models were selected to compare their performance and iden-

tify the most accurate one to classify motor tasks based on the preprocessed EEG and EMG

data.

4.5.1 Statistical Analysis

To evaluate the statistical power of the classified data, analysis of variance (ANOVA) was

utilized and is defined in Section 3.5. ANOVA was used to assess the overall power of the data

and to analyze the effects of each independent variable on the dependent variable. Details

for each of these methods can be found in chapter 3, section 3.5.

The ANOVA test was used to see which feature sets worked better for classification and

to check how significant the differences were, using p-values and F-values. If differences were

significant, we looked closer to find out which specific pairs of features were different.

Statistical analysis was performed using the SkLearn, Seaborn, and Scipy statistical soft-

ware packages of Python.
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4.6 Evaluation Metrics

To evaluate the effectiveness of the classification models, we will use several performance

metrics, including accuracy, F1 score, precision, and recall.

Accuracy: The most commonly used metric that measures the overall correctness of the

classification results. It is calculated by dividing the number of correct predictions by

the total number of predictions.

Accuracy = TP+TN
TP+FP+TN+FN

Recall: It measures the proportion of true positive predictions among all the actual posi-

tive instances in the dataset. High recall indicates that the model is making fewer false

negative predictions.

Recall = TP
TP+FN

Precision: It measures the proportion of true positive predictions among all the positive

predictions made by the model. High precision indicates that the model is making

fewer false positive predictions.

Precision = TP
TP+FP

F1 Score: It is a measure of the balance between precision and recall, calculated as the

harmonic mean of the two. It provides a single score that considers both precision and

recall, which is useful when the classes are imbalanced.
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F1 Score = 2 × precision×recall
precision+recall

We will also use confusion matrices to visualize the classification results and to compute

other evaluation metrics such as specificity and sensitivity. The evaluation metrics will help

us determine the best classification model for the EEG and EMG data classification task.

Figure 4.13: Confusion Matrix showing relationship between actual and predicted values in

the form of true or false positive and negatives [21].

4.7 Software and Tools

For data collection, we used DSI Streamer [56] from Wearable Sensing, Myo Connect Soft-

ware, and matMYO[12][11] plugin to collect data from student volunteers. These software

tools were installed on a laptop and used to collect EEG and EMG data from multiple

channels simultaneously.

Data preprocessing for EEG signals was conducted using EEGLABv2024.0 [7], an open-

source MATLAB toolbox for EEG data analysis. The .edf file from DSI Streamer was

imported into EEGLAB with the BIOSIG plugin. Details about EEGLAB’s interface and

plugins are provided in the Appendix A. EEGLAB used the following plugins[7] for EEG

data preprocessing: BIOSIG, ERPLAB, ICLabel, WearableSensing, erppeakinterval, erp-

source. Data preprocessing for EMG data was performed using the matMYO plugin in
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MATLAB R2023b, while classification models were developed with Python 3.12.4, utiliz-

ing libraries such as Pandas [52], NumPy[18], scikit-learn[45], TensorFlow[51], Seaborn[55],

Matplotlib[25], and SciPy[19].

The classification models were executed in PyCharm 2024.1.3 [28] using the Jupyter

package available for PyCharm. All models were run in Python for processing both EEG

and EMG data.

For game/3D simulation development, Unity Hub 3.8.0 and Unity 2022.3.17f1 [54] were

used. The Unity packages utilized include Terrain Tools, AR Foundation, Apple ARKit XR

Plugin, Google ARCore XR Plugin, FBX Exporter, and Animation Rigging. The characters

and animations were sourced from Mixamo[37] .

Overall, these software and tools provided a robust and efficient framework for data anal-

ysis, preprocessing, game/simulation development, and classification model implementation,

enabling us to achieve the objectives of this research.
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Chapter 5

RESULTS

In this chapter, we discuss in detail the data collected and results based on the methods

described in Chapter 4.

5.1 Data Collection Results

Over the course of the experiment the data collection process involved 5 volunteers who

each participated in a data collection session for a motor task using electroencephalography

(EEG) and Electromyography (EMG) equipment over several days.

A total of 23 sessions were conducted for each game flow, resulting in a total of 46 data

collection sessions. Data collection was carried out in a quiet room with minimal distractions

to ensure the accuracy and quality of the recordings. Participants wore an EEG device on

their head and an EMG device on their leading-hand forearm. No additional data was

recorded regarding the participants’ physical or medical history, nor their preferences for

tasks. Furthermore, no explicit events were logged outside of the structured timing for each

session, which required the motor tasks to start and stop according to the predetermined

schedule.

The datasets we collected gave us plenty of information to look at. We used these data to

test different ways to prepare the data and various machine learning models for classifying

motor tasks. The results of this work are shown in the following sections.

5.2 Raw EEG and EMG Plot Analysis

After collecting the data, the first step was to examine the raw EEG and EMG signals from

the motor tasks. This visual inspection was designed to find patterns and event markers that
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corresponded to the motor tasks. Since the motor cortex and muscle movements generate

strong signals, these were expected to stand out in the data. Figures 5.1 and 5.2 below

illustrates examples of how brain activity and muscle movements change throughout a data

collection session. Each task showed different patterns that disturbed the normal resting

state of both the brain and muscles, based on the cues for the motor task. Machine learning

models were believed to be able to successfully tell the difference between positive and

negative signals if the data were divided into epochs. In this case, positive means that there

is a noticeable fluctuation of the signal in the presence of a motor task.

Figure 5.1: Plots of each Channel of Raw EEG Data collected for Game Flow 1 during one

session using Matlab.

In general, the EEG and EMG waveforms showed considerable variability between chan-

nels, with each channel exhibiting distinct behavior. This initial analysis of the raw EEG

and EMG data laid the foundation for further investigation, shaping the direction of the

research, and guiding subsequent analysis and findings.

Figures 5.3 and Figure 5.4 shows 4D scatter plots of accelerometer and gyroscopic data

respectively collected using the Myoband. The plot shows the acceleration on three axes

(X, Y, Z), with a color bar indicating a time of 0 and 95 s (length of the session).

Upon visual inspection, we can see clustering patterns in the accelerometer data asso-
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Figure 5.2: Each trend represents a each Channel of Raw EMG Data for one session of G1.

Note how the signal shows disruptions compared to the baseline (R) wave that starts at time

0.

Figure 5.3: Each axis of Raw IMU Accelerometer Data corresponds one session of G1 and

time is captured in a heat-map fashion using the bar on the right.
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Figure 5.4: 4D Plots of each axis of Raw IMU Gyroscopic Data for one session of Game Flow

1.

ciated with the time, however, while these clusters are harder to discern in the gyroscope

data, the pattern across time seems to go from the edges to the center of the data cluster.

A prominent cluster at (0,0,0) in the accelerometer plot indicates the rest position of the

MyoBand, which was maintained for 60 seconds out of the total 95 seconds. Both of these

patterns can be explained based on the fact that during a session, ordering the different tasks

of the game flow would cause changes detectable by these sensors.

5.3 Preprocessing Results

The preprocessing results are presented for one volunteer’s one session during Game Flow

1. Therefore, all results belong to a single session of Game Flow 1 for the Pre-processing

Results section.
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5.3.1 EEG Preprocessing Results

The preprocessing techniques applied in this study comprised frequency filtering (FF), in-

dependent component analysis (ICA), event-related potentials (ERP), epoch, segmentation,

and feature extraction. Their effectiveness was assessed by examining their impact on classi-

fication metrics—including accuracy, F1 score, recall, and precision—across all the machine

learning models used. We used EEGLAB[7] for EEG preprocessing.

Channel Location In EEGLAB, channel location refers to the spatial coordinates of the

electrodes used in EEG signals. These locations are crucial for accurate interpretation of

the data, as they define where on the scalp each electrode is placed. Channel locations are

typically represented in terms of Cartesian coordinates (x, y, z) or as spherical coordinates

(theta, phi) relative to a common reference point, such as the center of the head.

(a) Channel Location in 2D (b) Channel Location in 3D

Figure 5.5: Channel Locations in 2D and 3D

A key step in analyzing EEG data is using frequency filters to reduce noise. Band-pass

filters, when set to the right wavelength, can help identify certain actions by highlighting

changes in brain waves. In this study, we used a bandpass filter between 8-13 Hz. The



59

figure 5.6 shows the results, with graphs of frequency vs magnitude (dB) and frequency vs.

phase (degrees).

Magnitude: In signal processing, magnitude refers to the strength of a signal at different

frequencies. When a filter is applied, the magnitude response shows how much of each

frequency component passes through, measured in decibels (dB). Higher magnitude means

less attenuation, while lower magnitude indicates more attenuation.

Phase: Phase represents the time shift of a signal’s frequency components. When a

signal passes through a filter, different frequencies may be delayed differently, as shown in

the phase response, measured in degrees. A linear phase response is ideal because it ensures

all frequency components are delayed equally, preserving the waveform shape.

Figure 5.6 shows the magnitude and phase responses of a band pass filter with a range

of 8-13 Hz. The magnitude response graph shows that the filter successfully isolates the

8-13 Hz frequency band by reducing the strength of frequencies outside this range. Within

the 8-13 Hz band, the response is flat, meaning these frequencies pass through with little

reduction. This is important for analyzing EEG signals in the alpha band.

Figure 5.6: Plot of phase and magnitude vs. frequency after frequency filtering using a band

pass filter of 8 − 13 Hz for a session in G1.
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The phase response graph shows a sharp initial decline followed by a gradual descent.

This means that the filter causes a phase shift, with different frequencies experiencing dif-

ferent delays. Understanding this shift is important for interpreting the timing of the signal

components, as it affects the overall shape of the filtered signal.

Figure 5.6 displays the magnitude and phase plots of the frequency components of a signal,

generated using the Fast Fourier Transform (FFT). The FFT is a mathematical algorithm

that transforms a time-domain signal into its frequency-domain representation, breaking it

down into its constituent frequencies.

Overall, the filter effectively isolates the 8-13 Hz frequency band while maintaining a

manageable phase shift, making it well suited for EEG signal analysis.

Next, we applied Independent Component Analysis (ICA). Figure 5.7 shows the com-

ponents resulting from this process. It displays the properties of seven components, each

represented by a topographical map indicating brain activity levels. The maps are labeled

with percentages ranging from 90. 6% to 100. 0%, suggesting the precision or intensity

of the brain activity detected in each component. Components 1, 2, 3, 5, 6, and 7 show

high activity levels above 99%, while component 4 shows a slightly lower activity level at

90.6%. Higher percentages indicate that the components are likely to capture significant and

relevant brain activity, making them valuable for further analysis.

Figure 5.7: ICA IC Label components for a session of G1
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Using the EEGLab tool we can dive deeper into each of the components (see Figure 5.8).

Figure 5.8: Selecting IC3 for a session of G1

Figure 5.9 shows a compound figure containing different graphs detailing the information

for each component. In this case, we selected IC3 based on 5.7. IC3 is in dark blue in color

indicating less brain activity in this IC component. The figure 5.10 shows IC5 from the same

session’s analysis. You can see that IC5 is more active than IC3. Here are the components

we looked at in these figures:

IC3 and IC5 Component Variability Map: This chart shows that IC3 accounts for

99.1% of the variability in brain activity within the dataset, highlighting its significant role

in the analysis. It is a key component and a major factor in the dataset. On the other hand,

IC5 shows 100% of brain activity, indicating that it is highly active and influential as well.

Scrolling IC3 and IC5 Activity: The line graph illustrates how the IC3 signal varies

over time, showing distinct peaks and dips. These changes indicate fluctuations in brain

activity and help us see how the signal evolves. For IC5, there are noticeable differences

after the event markers during the scrolling activity, suggesting brain activity.

Continuous Data Heatmap: The heatmap shows different patterns of activity across

electrode sites over time. The red and orange areas indicate high activity periods, suggesting

bursts of brain activity at specific moments. Some electrodes consistently show more activity,

pointing to specific brain regions. The heatmap also reveals alternating high and low activity
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periods, showing how brain activity changes with different tasks. This helps us understand

which brain regions are more active at certain times.

IC3 and IC5 Activity Power Spectrum: The power spectrum graph for the IC3

and IC5 component shows that the signal has significant power in the low-frequency range,

particularly around 8-13 Hz, which corresponds to the alpha band in EEG signals. This dom-

inance indicates that the brain activity captured by IC3 and IC5 oscillates primarily at these

frequencies, which are associated with relaxed, awake states. As the frequency increases,

the power decreases, a common characteristic of brain signals where higher frequencies have

lower power.

Figure 5.9: Detail of IC3 for a session of G1. Top Left: Variability summary for the compo-

nent IC3. Top Right: ICA Activity timeline. Bottom Left: Data Heatmap. Bottom Right:

Activity Power Spectrum.

Next, we will examine the same ICA components in 3D. Figures 5.11 and 5.12 illustrate

these components in three dimensions.

The 3D thermal models of the heads show different patterns of brain activity, with vari-

ations in color indicating different levels of activation. Warmer regions (red) suggest higher
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Figure 5.10: Detail of IC5 for a session of G1. Top Left: Variability summary for the

component IC5. Top Right: ICA Activity timeline. Bottom Left: Data Heatmap. Bottom

Right: Activity Power Spectrum.

activity, while cooler regions (blue) indicate lower activity. Each head represents a differ-

ent independent component, highlighting how brain activity is distributed across various

components.

After that, we will review the results from the bin-based epoched data for Artifact De-

tection and/or Rejection, used to create the ERPs, as shown in the figure 5.13.

The waveforms show clear peaks and troughs at similar times across different channels, in-

dicating event-related potentials (ERPs) linked to specific sensory, cognitive, or motor tasks.

The vertical lines across the panels mark key moments related to the task, showing when

tasks were performed or when participants responded. Figure 5.13 shows that ”B1 Rest”

exhibits lower EEG signal activity, while ”B3 FingerSpread” displays increased EEG signal

activity. Labels like “B6 DoubleTap” and “B5(FingerSpread)” suggest that the data are

organized into bins based on different experimental conditions or tasks performed during the

EEG recording.

The consistent patterns across multiple channels suggest that the data is generally clean
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Figure 5.11: ICA Component Maps 3D for one session in Game Flow 1

Figure 5.12: ICA - IC3 Component Maps in 3D for one session in Game Flow 1
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Figure 5.13: Artifact Detection in Bin Based Epoched Data for one subject’s session for

Game Flow 1

with few artifacts. Any irregularities were addressed through artifact rejection to ensure

accuracy. Overall, the figure illustrates the electrical activity of the brain in response to

different stimuli, highlighting the importance of detecting and removing artifacts for reliable

ERP results.

The ERP set in the figure 5.14 shows brain responses recorded from all channels and

tasks. Each graph shows multiple waveforms in different colors for each task. The x-axis

represents time from -70 to 700 milliseconds, and the y-axis shows voltage in microvolts. The

waveforms have clear peaks and troughs, showing how the brain reacts to different motor

tasks. The Fist and Finger Spread tasks show bigger changes compared to the Rest condition,

indicating more brain activity during these tasks. Consistent patterns across channels reveal

how the brain coordinates responses to movement, offering insights into how movement is

processed in the brain. Figure 5.15 illustrates the ERP for channel F4, which corresponds

to the right hand during task performance. The F4 channel, located in the frontal lobe and

is involved in motor control, is known to be more active during hand movements..
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Figure 5.14: ERPSet for one subject’s session for Game Flow 1

Figure 5.15: ERP for channel F4 for one subject’s session for Game Flow 1
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The figure 5.16 displays the ERP scalp maps for all bins present in Game Flow 1. The

ERP scalp maps display brain activity at different scalp locations in response to specific

stimuli or events, labeled as Bin1 through Bin6. Each map is color-coded, with dark blue

indicating lower activity and yellow indicating higher activity. The spatial distribution of

activity varies across the scalp, with certain regions showing higher activity, particularly in

the central and frontal areas, which are often associated with cognitive and motor functions.

The variability in activity patterns across different bins suggests that different stimuli or

conditions elicit distinct neural responses. In the image, “0 ms” marks the start of time,

right when hand movements begin. Each map shows the brain’s response at this moment

for different hand movements such as Rest, Finger Spread, Fist, and Double Finger Tap.

Figure 5.16: ERP Scalp Maps for one subject’s session for G1

We examined component ERPs mapped to corresponding Independent Components from

the ICA process to evaluate hand gesture results. Figure 5.17 displays clear ERP compo-
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nents, including peaks around 100 ms and 300 ms, likely representing the P100 and P300

components for sensory and motor processing. Topographic maps (IC1 to IC7) illustrate the

spatial distribution of brain activity, with varying colors indicating different levels of elec-

trical potential, such as increased activity in the frontal region for IC1 and in the occipital

region for IC3.

Figure 5.17: Component ERPs with component map for one subject’s session for G1

5.3.2 EMG Preprocessing Results

EMG preprocessing involved resampling the IMU gyroscopic and accelerometer data to

match the frequency of the EMG data. Following this, a band-pass filter was applied to

the EMG data, while a low-pass filter was used for the IMU data. The figure 5.18 displays

the filtered EMG data. The chosen frequency range (20 Hz to 450 Hz) is common for EMG

analysis. Frequencies below 20 Hz often contain baseline noise and movement artifacts, while

frequencies above 450 Hz may include high-frequency noise or electrical interference. The

values are typically in microvolts (µV) and represent the electrical activity of muscles. Posi-

tive values indicate muscle activation, while negative values indicate relaxation. The timing

of these peaks or positive values varies in the figure, suggesting different muscle actions or

movements.
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Figure 5.18: 3D Plots of each Channel of Filtered EMG Data for sample session for one

volunteer in Game Flow 1. It is Frequency Filtered using a band pass filter of 20 − 450 Hz

After filtering the data, we segmented it and calculated features for both the EMG and

IMU signals. The features extracted from the EMG and IMU data played a crucial role in

classifying hand gestures by capturing essential characteristics of the signals. For EMG data,

the mean absolute value (MAV) measured the average amplitude of the signal, which helped

distinguish different muscle activations associated with various hand gestures. The root

mean square (RMS) provided a measure of the signal’s power, capturing the overall strength

of muscle contractions, while the variance indicated the consistency of muscle activation,

aiding in differentiating gestures with more or less variable signals.

For IMU data, the gyroscopic mean measured the average angular velocity around the

x, y, and z axes, capturing the rotational movements involved in different gestures. The

gyroscopic standard deviation measured the variability in angular velocity, indicating the

consistency of these rotations. Similarly, the accelerometer mean measured the average

acceleration along the x, y, and z axes, helping identify different translational movements.

The standard deviation of the accelerometer data measured the variability in acceleration,

providing insights into the consistency of translational movements.
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We observed that combining these features allowed the classification model to understand

the distinct patterns associated with each hand gesture. The EMG features provided insights

into muscle activity, while the IMU features captured the dynamics of hand movements.

Together, these features created a comprehensive representation of each gesture, enabling

more accurate classification by the machine learning models.

5.3.3 Anomalous Artifact Findings

During preprocessing, we conducted a thorough evaluation of data quality. Initially, we

identified and removed unwanted channels that were deemed unnecessary for our analysis.

We then used Independent Component Analysis (ICA) to identify and discard components

with significant artifacts. Specifically, components showing substantial contamination from

heart signals, line noise, or eye blinks were removed. This step was crucial because heart

signals and other artifacts can distort EEG data, leading to inaccurate results.

Our analysis revealed that, overall, the dataset was relatively clean. The primary artifacts

we encountered were those related to heart signals, which were successfully identified and

rejected.

Following the ICA process, we performed bin-based epochs, where the data was segmented

into epochs around specific events or markers. During this phase, we also addressed any

remaining artifacts. Typically, we discarded the signals collected before the first marker of

rest, as these often exhibited high levels of noise.

The result of these preprocessing steps ensured that the data was as clean and accurate

as possible, enhancing the reliability of subsequent analyses and interpretations.

5.4 Feature Engineering

After preprocessing the EEG and EMG data, we proceed with feature engineering to extract

meaningful attributes from the dataset.
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EEG Features In the extraction of EEG-ERP features, a range of statistical features is

computed for each EEG channel (LE, F4, C4, P4, P3, C3, F3). These features include the

mean (col_mean), standard deviation (col_std), minimum value (col_min), maximum value

(col_max), range (col_range, calculated as the difference between maximum and minimum),

median (col_median), skewness (col_skew), and kurtosis (col_kurtosis). Additionally,

features related to the P300 component are extracted, including the peak value of the P300

( col_P300_peak ) and the time at which this peak occurs (col_P300_peak_time) between

250 and 350 ms. Each of these features is calculated for every EEG channel and is appended

to the data set along with the target label derived from the file name. Figure 5.22 displays

the features used for the ERPs generated from the EEG data during one of the sessions in

G1.

EMG Features Figure 5.28 shows the features of the EMG data collected during one of the

G1 sessions. For the EMG data, we compute the Mean Absolute Value (MAV), Root Mean

Square (RMS), Variance, Zero Crossing Rate (ZC), and Waveform Length (WL), utilizing

all 8 emg channels. For the IMU data, we calculate the Mean and Standard Deviation,

incorporating all 3 axes (x,y,z) of the IMU data.

5.5 Classification Results

Five Machine Learning (ML) models were chosen to evaluate the performance of the prepro-

cessing techniques. The chosen models were Support Vector Machine (SVM), Convolutional

Neural Network (CNN), Feedforward Neural Network (FNN), Recurrent Neural Network

(RNN), and Long Short-Term Memory (LSTM). These models represent a significant range

of machine learning models, each with strengths and weaknesses. Each task saw some vari-

ance in the effectiveness of the models and their performance in each category of metrics.

With a small EEG and EMG dataset, I used data augmentation to create more samples.

This helped improve the model’s performance and reliability.
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Figure 5.19: EEG-ERP Features - Part 1

Figure 5.20: EEG-ERP Features - Part 2

Figure 5.21: EEG-ERP Features with Data Label

Figure 5.22: Overall EEG Features
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Figure 5.23: EMG Features

- Part 1

Figure 5.24: EMG Features

- Part 2

Figure 5.25: EMG Features

- Part 3

Figure 5.26: EMG Features

- Part 4

Figure 5.27: IMU Features of Mean and Stan-

dard Deviation with Label

Figure 5.28: Overall EMG Features

5.5.1 Binary Classification

We will discuss the binary classification of rest versus motor tasks and within different motor

tasks. Table 5.1 presents the binary classification results for various motor tasks, highlighting

the best-performing machine learning model among the five evaluated—SVM, CNN, FNN,

RNN, and LSTM—based on statistical metrics. For these classification calculations, data

and features from EEG and EMG features were used for both Game Flow 1 (G1) and Game

Flow 2 (G2). The overall resuls of binary classifications for all motor tasks is in the section

of Appendix B. We observe that CNN and FNN performed the best for most of the binary

classification tasks. SVM also did well but wasn’t as strong as CNN and FNN. RNN and

LSTM, on the other hand, didn’t perform as well, likely due to differences in their architecture

and how well they handle the data features. Additionally, the small amount of data limited

our ability to train the models effectively, so we had to use data augmentation. The limited

amount of data raises the risk of overfitting. This means the models might do well on the

training data but struggle with new, unseen data. Although we used 5-fold cross-validation

to test the models, there’s still a chance that overfitting could occur.
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Table 5.1: ML Models Metrics for Binary Classification

Motor Tasks (Down)/Metrics (Right) Best Accuracy Best Precision Best Recall Best F1 Score

Rest vs Fist CNN (0.9766) CNN (0.9756) CNN (0.9766) CNN (0.9756)

Rest vs Finger Spread FNN (0.9445) FNN (0.9502) FNN (0.9445) FNN (0.9443)

Rest vs Hand Wave In CNN (0.9467) FNN (0.9589) CNN (0.9467) SVM (0.9451)

Rest vs Hand Wave Out CNN (0.9558) CNN (0.9550) CNN (0.9558) CNN (0.9539)

Rest vs Double Finger Tap CNN (0.9565) CNN (0.9649) CNN (0.9565) CNN (0.9581)

Fist vs Finger Spread CNN (0.9246) FNN (0.9253) FNN (0.9062) CNN (0.9187)

Fist vs Hand Wave In CNN (0.9565) CNN (0.9649) CNN (0.9473) CNN (0.9581)

Fist vs Hand Wave Out FNN (0.9470) FNN (0.9577) FNN (0.9432) FNN (0.9481)

Fist vs Double Finger Tap FNN (0.9495) FNN (0.9592) FNN (0.9433) FNN (0.9493)

Finger Spread vs Hand Wave In FNN (0.9169) FNN (0.9253) FNN (0.9188) FNN (0.9147)

Finger Spread vs Hand Wave Out CNN (0.9498) CNN (0.9472) CNN (0.9501) CNN (0.9480)

Finger Spread vs Double Finger Tap FNN (0.9495) FNN (0.9578) FNN (0.9433) FNN (0.9496)

Hand Wave In vs Hand Wave Out CNN (0.9867) CNN (0.9886) CNN (0.9867) CNN (0.9868)

Hand Wave In vs Double Finger Tap CNN (0.9478) FNN (0.9545) CNN (0.9478) CNN (0.9493)

Hand Wave Out vs Double Finger Tap FNN (0.9561) FNN (0.9642) FNN (0.9561) FNN (0.9569)
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In some cases, the accuracy and recall scores were the same, which means the classes were

balanced or the model performed equally well (or poorly) on both measures. This balance

probably happened because there were an equal number of samples for each motor task, as

each task was performed for about the same amount of time.

5.5.2 Multi-Class Classification

In multi-class classification, we categorize the EEG and EMG data into multiple target

classes rather than just two. In our experimental setup, we classify the data into six distinct

hand movements: Rest, Fist, Finger Spread, Hand Wave In, Double Finger Tap, and Hand

Wave Out. We will now analyze the results using both combined EEG and EMG features,

as well as analyzing them separately.

When we evaluated ML models using only EEG features or only EMG features, the

results were suboptimal, as evidenced by tables 5.2 and 5.3 .

Using only EEG features: Table 5.2 shows the best performing ML model for game

flow 1 (G1) and game flow 2 (G2) using only EEG features.

Figures 5.29 and 5.30 displays the violin plots for the classification metrics and the ML

models used in this study for (G1) and (G2) respectively using EEG features only. The

violin plots compares the performance of five models (RNN, SVM, CNN, FNN, and LSTM)

across four metrics: Accuracy, Precision, Recall, and F1 Score. CNN performs best with

high medians and narrow interquartile ranges (IQRs), indicating consistent performance.

SVM follows closely, while FNN and RNN show more variability with wider IQRs. SVM

performs better than RNN and LSTM but not as well as CNN and FNN. These insights help

in selecting the most suitable model based on the specific metric that is most important for

the application.

In Game Flow 1 (G1), the Convolutional Neural Network (CNN) performs the best,

achieving the highest accuracy (0.8935), precision (0.9010), recall (0.8935) and F1 score

(0.8866). The Support Vector Machine (SVM) and the Feedforward Neural Network (FNN)

also show strong results, but fall short of CNN’s performance. The Recurrent Neural Network
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Table 5.2: ML Models Metrics for G1 and G2 using EEG features only

Metrics (Down) / ML Models (Right) SVM CNN FNN RNN LSTM

For Game Flow 1 (G1)

Accuracy 0.7380 0.8935 0.8176 0.6518 0.3934

Precision 0.7519 0.9010 0.8499 0.5963 0.3214

Recall 0.7380 0.8935 0.8176 0.6518 0.3934

F1 Score 0.7367 0.8866 0.8148 0.6122 0.2996

For Game Flow 2 (G2)

Accuracy 0.7403 0.8526 0.8190 0.6445 0.2178

Precision 0.7741 0.8852 0.8424 0.7073 0.2005

Recall 0.7403 0.8526 0.8190 0.6445 0.2178

F1 Score 0.7332 0.8565 0.8158 0.6408 0.1570

Figure 5.29: Game Flow 1 (G1) ML

Model Performance Comparison Violin

Plot using EEG features only

Figure 5.30: Game Flow 2 (G2) ML

Model Performance Comparison Violin

Plot using EEG features only
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(RNN) and Long-Short-Term Memory (LSTM) models perform poorly, with notably lower

metrics.

For Game Flow 2 (G2), CNN remains the top performer with an accuracy of 0.8526,

precision of 0.8852, recall of 0.8526 and an F1 score of 0.8565. The SVM and FNN models

continue to perform well but slightly less effectively than in (G1). This might be because

”Fist” and ”Finger Spread” were repeated twice in Game Flow 1, but only done once in

Game Flow 2. The RNN and LSTM models again show limited effectiveness.

Overall, the CNN is the most effective model across both game flows, while the SVM and

FNN are also strong contenders. The RNN and LSTM consistently underperform, indicating

they may not be suitable for this task.

Using only EMG features: Table 5.3 shows the best performing ML model for game

flow 1 (G1) and game flow 2 (G2) using EMG features only. Figures 5.31 and 5.32 displays

Table 5.3: ML Models Metrics for G1 and G2 using EMG features only

Metrics (Down) / ML Models (Right) SVM CNN FNN RNN LSTM

For Game Flow 1 (G1)

Accuracy 0.7159 0.8798 0.9103 0.8047 0.7540

Precision 0.7897 0.8810 0.9097 0.7927 0.7501

Recall 0.7159 0.8798 0.9103 0.8047 0.7540

F1 Score 0.5993 0.8721 0.9091 0.7846 0.7104

For Game Flow 2 (G2)

Accuracy 0.8043 0.9305 0.9568 0.8195 0.7459

Precision 0.8022 0.9275 0.9571 0.8131 0.7442

Recall 0.8043 0.9305 0.9568 0.8195 0.7459

F1 Score 0.7774 0.9268 0.9563 0.7961 0.6822

the violin plots for the classification metrics and the ML models used in this study for (G1)
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and (G2) respectively using EMG features only. The violin plots compares the performance of

five models (RNN, SVM, CNN, FNN, and LSTM) across four metrics: Accuracy, Precision,

Recall, and F1 Score. FNN performs best with high medians and narrow interquartile ranges

(IQRs), indicating consistent performance. CNN and RNN show more variability with wider

IQRs. RNN performs better than SVM and LSTM but not as well as CNN and FNN.

Figure 5.31: Game Flow 1 (G1) ML

Model Performance Comparison Violin

Plot using EMG features only

Figure 5.32: Game Flow 2 (G2) ML

Model Performance Comparison Violin

Plot using EMG features only

For Game Flow 1, the FNN model stands out with the highest accuracy (0.9103), precision

(0.9097), recall (0.9103), and F1 score (0.9091). CNN also performs well, with statistical

metrics values close to those of FNN. On the other hand, SVM shows the lowest performance

across all metrics for Game Flow 1, with an accuracy of 0.7159 and an F1 score of 0.5993.

For Game Flow 2, FNN again demonstrates superior performance, achieving the highest

accuracy (0.9568), precision (0.9571), recall (0.9568), and F1 score (0.9563). CNN follows

closely, with strong performance across all metrics. In contrast, LSTM shows the lowest

performance for Game Flow 2, with an accuracy of 0.7459 and an F1 score of 0.6822.

Overall, FNN consistently outperforms other models across all metrics for both Game

Flow 1 and Game Flow 2, making it the most effective model when we are only using EMG

features. CNN also performs well but slightly below FNN. SVM and LSTM show lower
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performance compared to FNN and CNN, with SVM having the lowest scores for Game

Flow 1 and LSTM for Game Flow 2. RNN performs moderately well but does not reach the

high performance levels of FNN and CNN.

Combined Features Classification: Before applying the ML models, we combined the

features of the EEG and EMG data of each session in G1 and G2 separately, which created

a richer set of features for training. This enhanced feature set was then labeled and used

to train the classification models. We found that incorporating the combined features

significantly improved the ability of the models to classify motor tasks, providing more

accurate results. Table 5.4 shows the best performing ML model for game flow 1 (G1) and

game flow 2 (G2) with combined features of EEG and EMG.

Table 5.4: ML Models Metrics for G1 and G2 with combined features from EEG and EMG

Metrics (Down) / ML Models (Right) SVM CNN FNN RNN LSTM

For Game Flow 1 (G1)

Accuracy 0.9 0.9563 0.9 0.4688 0.2125

Precision 0.9238 0.9705 0.9229 0.5367 0.0457

Recall 0.9 0.9563 0.9 0.4688 0.2125

F1 Score 0.9005 0.9556 0.8981 0.4616 0.0751

For Game Flow 2 (G2)

Accuracy 0.8139 0.9756 0.8480 0.4130 0.1573

Precision 0.8490 0.9792 0.8855 0.4415 0.0270

Recall 0.8139 0.9756 0.8480 0.4130 0.1573

F1 Score 0.8129 0.9737 0.8494 0.4015 0.0455

For Game Flow 1 (G1), the Convolutional Neural Network (CNN) is the top performer,

achieving an accuracy of 95.63% and an F1 score of 95.56%. It effectively balances positive
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case identification and false positives, outperforming other models such as SVM, FNN, and

showing much better performance than RNN and LSTM.

In Game Flow 2 (G2), CNN again excels with an accuracy of 97.56% and an F1 score

of 97.37%, making it the optimal choice. SVM and FNN also performed well, but lagged

behind CNN, with SVM with 81. 39% accuracy and 81. 29% F1 score and FNN with

84. 80% accuracy and 84. 94% F1 score. SVM’s precision and recall align well with the

CNN, although it falls short in overall performance. The RNN showed moderate results

(41.30% precision and 40.15% F1 score), while the LSTM significantly underperformed with

an accuracy of 15.73% and an F1 score of 4.55%.

In summary, CNN was the best performing ML model per classification metric for each of

the game flows. Figures 5.33 and 5.34 displays the violin plots for the classification metrics

and the ML models used in this study for (G1) and (G2) respectively.

Figure 5.33: Game Flow 1 (G1) ML Model Performance Comparison Violin Plot

The violin plots compares the performance of five models (RNN, SVM, CNN, FNN,

and LSTM) across four metrics: Accuracy, Precision, Recall, and F1 Score. CNN performs
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Figure 5.34: Game Flow 2 (G2) ML Model Performance Comparison Violin Plot

best with high medians and narrow interquartile ranges (IQRs), indicating consistent perfor-

mance. FNN follows closely, while RNN and SVM show more variability with wider IQRs.

SVM performs better than RNN and LSTM but not as well as CNN and FNN.

5.5.3 Statistical Analysis

Figure 5.35 shows the correlation matrix heat map between all the columns of the combined

dataset of EEG and EMG features. The heat map shows that EEG and EMG features are

generally not strongly related, but there are still some features that are connected. Here,

Values close to 1 indicate a strong positive correlation, Values close to -1 indicate a

strong negative correlation, and Values around 0 indicate little to no linear correlation.

The correlation coefficient ranges from -1 to +1, with the following meaning:

• 1: Perfect positive correlation. As one variable increases, the other variable also in-

creases proportionally.
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• -1: Perfect negative correlation. As one variable increases, the other variable decreases

proportionally.

• 0: No correlation. There is no linear relationship between the variables.

Figure 5.35: Correlation Matrix Heat Map

We can see that the correlation coefficient between the EMG channels of Zero Crossing

Rate (ZCR) and P3 skew is around 0.6, indicating a moderate positive correlation. Addi-

tionally, there is a noticeable blue line for all EMG features related to F3 skew, suggesting
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a consistent pattern. On the other hand, the RMS and Variance of the EMG channels show

almost no correlation with P4 min. These observations highlight some of the key correlations

revealed by the heat map.

ANOVA Analysis: The box plot figure 5.36 shows the anova analysis for the groups of

features when only EEG features where used, and when only EMG features were used, and

when they were used together. ANOVA F-value (1.3485): This value measures the ratio of

variance between the group means to the variance within the groups. A higher F-value indi-

cates a greater difference between group means. ANOVA p-value (0.2650): This value helps

to determine the statistical significance of the observed differences. A p-value less than 0.05

typically indicates significant differences between groups. The box plot compares the out-

Figure 5.36: Anova Analysis per feature group

comes across three conditions: “EEG Features,” “EMG + IMU Features,” and “Combined

EEG + EMG + IMU Features.” The conditions represent the use of only EEG features, only

EMG features, or a combination of both. The y-axis represents the outcome, which is the

prediction result given by the machine learning models, ranging from 0 to 1.
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From the graph, we can observe the following:

• EEG Features: This condition shows a relatively wide interquartile range (IQR),

indicating variability in the outcomes. The median result is around 0.6.

• EMG + IMU Features: This condition has a narrower IQR compared to EEG

Features, suggesting more consistent outcomes. The median result is slightly higher,

around 0.7.

• Combined EEG + EMG + IMU Features: This condition shows the highest

median outcome, close to 0.8, with a relatively narrow IQR, indicating both high and

consistent performance.

Overall, the combined features condition appears to give the best and most consistent

outcomes, followed by EMG + IMU Features, and then EEG Features. This suggests that

integrating multiple types of data (EEG, EMG, and IMU) can enhance the performance of

our analysis.

5.6 Summary

Effect of Preprocessing Technique Configurations. The aim of this experiment was to

explore how gamification can enhance rehabilitation for neurological conditions, specifically

for patients with upper limb weakness, using EEG/EMG feedback. The results indicate

that Independent Component Analysis (ICA) and Frequency Filtering (FF) significantly

improved classification metrics, while Event-Related Potential (ERP) features had a more

modest impact on reducing noise. Data segmentation in EMG was also a crucial step.

Combining FF, ICA, and ERP was found to be the most effective approach overall. Addi-

tionally, using filtered EMG data proved beneficial and incorporating IMU data enhanced the

machine learning models’ ability to detect hand movements, leading to increased accuracy.

These findings suggest that effective preprocessing can significantly boost classification

accuracy, thereby enhancing the game’s ability to provide valuable feedback for improving

upper-limb function.
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Effect of Machine Learning Model. Another goal of this experiment was to introduce

statistical and ML techniques to analyze EEG and EMG data to study emerging patterns that

can then be used to create adaptive simulation routines. Among the machine learning models

evaluated, the convolutional neural network (CNN) stands out as the top performer. The

Support Vector Machine (SVM) and the Feedforward Neural Network (FNN) also performed

well, but the Recurrent Neural Network (RNN) and the Long Short-Term Memory (LSTM)

models fell short in comparison.

Effect of 3D Simulation Results. We started with a basic 3D MR simulation to test

the edge computing system as seen in the section of Appendix C. It engaged users effectively

and ran smoothly on a Windows laptop, with potential for adaptation to Android and

iOS, improving portability and accessibility. This simulation can be viewed as a proof-of-

concept for a future game designed to be more engaging and immersive for patients. By

demonstrating successful user engagement and smooth performance, it lays the groundwork

for developing a more advanced and interactive experience.

In conclusion, this experiment highlights the importance of choosing appropriate prepro-

cessing techniques and machine learning models for classifying motor tasks in EEG and EMG

data. The findings of this study can be useful and give a proof of concept for developing

efficient and accurate BCI systems with AR / MR games for the rehabilitation of upper limb

extremity weakness.
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Chapter 6

CONCLUSION

This section takes a closer look at the accomplishments and valuable research contribu-

tions of this work. While recognizing acknowledged limitations, it also explores promising

areas for future research..

6.1 Conclusion

The overall objective of this research was to explore and address some of the challenges faced

by the “NeuroRehab Ecosystem” as it evolves as a platform to study and help with the re-

habilitation of neurological conditions, specifically when it comes to upper limb extremities

and the potential gamification of the rehabilitation. We have done so through the innovative

integration of augmented and mixed reality to the collection and analysis of EEG and EMG

data, ultimately leading to the creation of a Mixed Reality NeuroGame. With this simu-

lation, we aim to provide an immersive experience for users, predominantly incorporating

Augmented Reality components to craft a dynamic and engaging environment. We carefully

designed the game flows to include several actions that align with physiotherapy exercises

essential for upper limb extremities rehabilitation.

The development of this simulation is one of the main contributions resulting from this

research, as it provides a platform to develop and study more such games or simulations,

e.g, targeting the rehabilitation of other neurological conditions and/or in other parts of the

body.

Another contribution of this work has been to set up an outline of the experiment design,

e.g., through the definition of our game flows, we set up an agreeable strategy and framework

to collect and analyze EEG and/or EMG data in the way required to grow the NeuroRehab
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Ecosystem.

Throughout our experiments and 3D simulation testing, EEG and EMG signals were

systematically collected for subsequent in-depth analysis. These data served as a basis for

building an ML-based recommendation system with the explicit goal of helping to accelerate

patient recovery. The outcomes of our ML models (especially CNN) for classification used for

the recommendation system are encouraging, scoring an approx. 95% of accuracy in detecting

hand gestures across our set of participants for both the game flows. Our methodology for

analyzing and using the data collected and the use of ML models and their evaluation in

the context of our study, sets a precedent of how we can use various statistical and ML

techniques that can be extended to future research and developments in this area.

Beyond quantitative achievements, qualitative feedback from the experimental cohort fur-

ther substantiated the positive impact of the simulation. As we ran experiments on volunteer-

ing teammates and collaborators, they provided feedback on the game design, computational

aspects such as performance, ML strategies and testing, and therapeutic effectiveness of the

exercises. The comments were overall positive and provided plenty of guidance to improve

this research and considerations for future work. We understand that while these subjects

are biased, they also have technical knowledge and understand the goals of our research and

were able to provide a good basis of positive testing. However, it is understood more testing

is needed with different types of subjects that are unfamiliar with our research, and/or are

non tech savvy.

Reflecting on the learning trajectory of this thesis journey, valuable insights were gained

regarding the efficacy of specific hand movements in the rehabilitation process. Some of the

best results we obtained correspond to hand gestures such as wave-in (Flexion), wave-out

(Extension), making a fist, spreading fingers, and double(two) finger tap. This recurring

theme found in our results highlighted the efficacy of a repetitive flow of exercises that

incorporates these gestures and can facilitate accelerated patient recovery in the future.

Looking for ways to improve the study, an area to explore is adding custom game paths

based on the exercises (actions) recommended by a rehabilitation therapist. Letting patients
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design their own exercise routines could make rehab more personal, better suited to their

preferences and needs, and ultimately more empowering.

Designing the Right Machine Learning Pipeline

Designing the appropriate ML and feedback system proved to be a complex and challenging

task. It required careful consideration of various factors, including selecting the right ML al-

gorithms, ensuring accurate data processing, and developing an effective feedback mechanism

in Unity and MATLAB. Balancing these elements to create a system that effectively sup-

ports and enhances the user’s experience was both demanding and complex. We conclude

that combining EMG features with EEG signals significantly improved our classification,

achieving an approx. 95% accuracy for both game flows. CNN emerged as the most robust

model with the added EMG data, outperforming SVM and FNN, which were previously the

best when using only EEG data. Thus, CNN is the optimal model for our experiments.

6.2 Future Work

In this section, we discuss several future work opportunities, some of which are prompted by

ways to improve the present work, and others to overcome or manage some of the limitations

we faced through this journey.

Update Game - Create Custom Game Flow. Introducing a feature for users to create

custom flows within the game represents another compelling prospect. Enabling individuals

to tailor their exercise routines not only improves personalization but also empowers users

to engage with rehabilitation activities that align more closely with their specific needs and

preferences.

Machine Learning Exploration. Based on our promising results, expanding on the use

and testing more/different ML classification signals for distinct hand gestures. Investigating

which signals prove more adept at identifying specific gestures could provide valuable insights
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into the nuances of gesture recognition, potentially optimizing the overall effectiveness of the

rehabilitation process. Additionally, collecting more and more varied data is imperative. We

proposed two game flows G1 and G2, for which testing with more subjects will be important,

but adding more game flows that either test different sequences of the same tasks in G1 and

G2 or with different tasks altogether, will be paramount in the next steps of our proposed

NeuroGame. For consistency, hyperparameter tuning was not performed in this experiment.

Nevertheless, the results suggest that tailoring parameters for each motor task and machine

learning model could significantly improve performance.

Updating Hardware Equipment. Working with Thalmic Labs’ MyoBands proved

challenging, especially since the company no longer supports them. Obtaining the neces-

sary software was difficult, and alternative methods, like finding a public repository, were

time-consuming if the software wasn’t pre-installed. Additionally, the EEG DSI-7 Headset,

being outdated, required considerable time for diagnosis and use, often breaking down and

presenting connectivity issues with the DSI Streamer.

Update Game - real-time feedback based on ML models. Classifying multiple mo-

tor and muscle tasks simultaneously using ensemble classifiers presents a significant challenge

but offers substantial benefits. This approach would address the issue of confounding factors

where current models might misinterpret or treat different tasks similarly. By employing

ensemble methods, the system could better differentiate between overlapping muscle activi-

ties, improving accuracy. Additionally, incorporating real-time feedback into the Unity game

would greatly enhance the user’s experience. Real-time feedback allows users to receive im-

mediate responses to their actions, making the rehabilitation process more interactive and

engaging, and potentially leading to better outcomes.

Expand Experiments for Improved Testing. While our ML results are encouraging,

they also motivate us to improve the way we test our existing and future ML models. Specif-
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ically, our experiments are designed for positive testing of these models, i.e., we look to

detect the existence of changes in brainwaves when an action occurs or lack of changes in the

absence of actions (True Positives and True Negatives). However, it is important to provide

means for negative testing as well, i.e., to detect False Positives and False Negatives.

Testing the Future Game in clinical environment. Another promising direction

for future research is applying this approach to real patients in clinical environment with

neurological disorders. This would involve testing and adapting the system in clinical settings

to assess its effectiveness and usability for individuals with various neurological conditions.

By doing so, the approach could be refined based on real-world patient feedback, potentially

leading to more tailored and effective rehabilitation solutions.

Use Database and Cloud Services. Creating a central database for all devices in an

edge computing system consolidates data from multiple sources into a unified repository.

This centralization simplifies data management, improves analysis by integrating diverse

datasets, and enhances security through unified control measures. Overall, it streamlines

operations and facilitates better decision-making across the system.

These proposed avenues for future work determine the ongoing potential for innovation

and refinement in the realm of NeuroGaming: Innovative Rehabilitation for Upper Limb

Neurologic Conditions Using Mixed-Reality Simulation Games and EEG/EMG Biofeedback.

Each suggestion opens doors to further exploration, offering the opportunity to enhance the

user experience, advance machine learning capabilities, and ultimately contribute to the

evolving landscape of therapeutic technologies.
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Appendix A

PREPROCESSING TECHNIQUE CONFIGURATION AND
PLUGINS - EEGLAB

Figure A.1: EEGLAB opening window

EEGLAB Plugins installed while running the Preprocessing scripts: Biosig

v3.8.3, Fileio v20240111, ERPLAB v11.03, clean rawdata v2.91, Cleanline v2.00, ICLabel

v1.6, firfilt v2.8, dipfit v5.4, xdfimport v1.19, MARA v1.2, BCI2000import v0.36, Darbeliai

v2019.02.01.1, musemonitor v4.0, WearableSensing v1.09, erppeakinterval v1.0, erpsource

v1.0, Interp v1.0.1



98

Figure A.2: EEGLAB Plugins Manager
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Appendix B

BINARY CLASSIFICATION RESULTS

Table B.1: ML Models Metrics for Rest vs Fist

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9766 0.9756 0.9766 0.9756

FNN 0.9208 0.9275 0.9208 0.9204

LSTM 0.4581 0.3050 0.4581 0.3039

RNN 0.5333 0.5484 0.5333 0.5304

SVM 0.9162 0.9366 0.9162 0.9160

Table B.2: ML Models Metrics for Rest vs Finger Spread

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9200 0.9203 0.9200 0.9199

FNN 0.9445 0.9502 0.9445 0.9443

LSTM 0.4063 0.3693 0.4063 0.4585

RNN 0.6217 0.5032 0.6217 0.4999

SVM 0.8338 0.8396 0.8338 0.8343
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Table B.3: ML Models Metrics for Rest vs Hand Wave In

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9467 0.9473 0.9467 0.9440

FNN 0.9458 0.9589 0.9448 0.9441

LSTM 0.4705 0.3579 0.4705 0.3537

RNN 0.6419 0.6977 0.6419 0.6284

SVM 0.9448 0.9549 0.9448 0.9451

Table B.4: ML Models Metrics for Rest vs Hand Wave Out

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9558 0.9550 0.9558 0.9539

FNN 0.9236 0.9376 0.9236 0.9220

LSTM 0.4438 0.3011 0.4438 0.2756

RNN 0.7690 0.5957 0.7690 0.6702

SVM 0.8526 0.8712 0.8526 0.8513

Table B.5: ML Models Metrics for Rest vs Double Finger Tap

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9565 0.9649 0.9565 0.9581

FNN 0.9387 0.9610 0.9387 0.9431

LSTM 0.4036 0.3766 0.4036 0.4585

RNN 0.6929 0.5500 0.6929 0.5767

SVM 0.9304 0.9549 0.9304 0.9349
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Table B.6: ML Models Metrics for Fist vs Finger Spread

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9246 0.9158 0.9041 0.9187

FNN 0.9169 0.9253 0.9062 0.9147

LSTM 0.4690 0.4957 0.4491 0.4702

RNN 0.7690 0.5957 0.7387 0.6702

SVM 0.8214 0.8372 0.8114 0.8246

Table B.7: ML Models Metrics for Fist vs Hand Wave In

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9565 0.9649 0.9473 0.9581

FNN 0.9206 0.9492 0.9136 0.9253

LSTM 0.4838 0.4734 0.4538 0.4577

RNN 0.7111 0.5589 0.6813 0.6064

SVM 0.9209 0.9467 0.9 0.9256

Table B.8: ML Models Metrics for Fist vs Hand Wave Out

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9217 0.9229 0.9124 0.9207

FNN 0.9470 0.9577 0.9432 0.9481

LSTM 0.4221 0.4253 0.4571 0.5005

RNN 0.7111 0.5479 0.7022 0.6102

SVM 0.8771 0.8896 0.8273 0.8775
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Table B.9: ML Models Metrics for Fist vs Double Finger Tap

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9250 0.9297 0.9189 0.9235

FNN 0.9495 0.9592 0.9433 0.9493

LSTM 0.4163 0.3693 0.4133 0.4585

RNN 0.6319 0.5673 0.6334 0.5179

SVM 0.8035 0.8095 0.8123 0.8042

Table B.10: ML Models Metrics for Finger Spread vs Hand Wave In

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9117 0.9043 0.9011 0.9045

FNN 0.9169 0.9253 0.9188 0.9147

LSTM 0.4690 0.3957 0.4567 0.3702

RNN 0.7690 0.5957 0.7523 0.6702

SVM 0.8018 0.8155 0.7944 0.8054

Table B.11: ML Models Metrics for Finger Spread vs Hand Wave Out

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9498 0.9472 0.9501 0.9480

FNN 0.9171 0.9322 0.9073 0.9158

LSTM 0.4290 0.3757 0.4225 0.3702

RNN 0.7754 0.6449 0.7442 0.6840

SVM 0.8335 0.8415 0.8112 0.8295
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Table B.12: ML Models Metrics for Finger Spread vs Double Finger Tap

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9450 0.9456 0.9340 0.9448

FNN 0.9495 0.9578 0.9433 0.9496

LSTM 0.3967 0.3673 0.4088 0.2585

RNN 0.6317 0.5899 0.6113 0.5498

SVM 0.8538 0.8610 0.8433 0.8544

Table B.13: ML Models Metrics for Hand Wave In vs Hand Wave Out

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9867 0.9886 0.9867 0.9868

FNN 0.9314 0.9469 0.9314 0.9315

LSTM 0.4438 0.3661 0.4438 0.3201

RNN 0.5457 0.5985 0.5457 0.4859

SVM 0.9448 0.9589 0.9448 0.9451

Table B.14: ML Models Metrics for Hand Wave In vs Double Finger Tap

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9478 0.9531 0.9478 0.9493

FNN 0.9296 0.9545 0.9296 0.9342

LSTM 0.2838 0.1734 0.2838 0.1577

RNN 0.6933 0.5521 0.6933 0.5884

SVM 0.8949 0.9305 0.8949 0.8997
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Table B.15: ML Models Metrics for Hand Wave Out vs Double Finger Tap

Metrics (Right) / ML Models (Right) Accuracy Precision Recall F1 Score

CNN 0.9304 0.9308 0.9304 0.9280

FNN 0.9561 0.9642 0.9561 0.9569

LSTM 0.2838 0.1734 0.2838 0.1577

RNN 0.6929 0.5500 0.6929 0.5767

SVM 0.8067 0.8140 0.8067 0.8065
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Appendix C

3D SIMULATION RESULTS

Our simulation is compatible with a several platforms and includes adaptive performance

features. Adaptive Performance in Unity for mixed reality games optimizes performance

across various hardware configurations, ensuring a smooth and responsive user experience.

It dynamically adjusts resolution, quality settings, and frame rates based on the device’s

capabilities and real-time performance metrics, while also managing thermal and power

consumption to prevent overheating and excessive battery drain. This ensures that the

simulation runs efficiently on devices such as Android, iOS, Windows, MacOS, and more,

while maintaining high performance and user immersion.

The simulation supports Vulkan and DX11 (Direct3D11) Graphics API for Windows and

sRGB for macOS. For Android, it uses Vulkan and OpenGLES3, while for iOS, the simu-

lation is set to use sRGB. Figures C.1 and C.2 illustrate the Game Flow scenes within the

simulation. These screenshots alone do not portray specific task functionality, but rather are

meant to showcase different visuals in the simulation. In these scenes, players use Myo arm-

bands to execute hand movements according to the two game flows G1 and G2. Depending

on the hand movements, the character in the simulation performs a specific set of actions

and animations.

Figure C.3 shows a feature where players can create custom game flows based on their

rehabilitation needs. This part of the simulation is not completed at this point and its

development is planned for future work.

Profiler
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Figure C.1: Game Flow 1 scene in Unity

Figure C.2: Game Flow 2 scene in Unity
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Figure C.3: Free Game Flow scene in Unity

Figure C.4 displays the results of the game profiler for the DX11 Graphics API.

The metrics and methods for the quality assessment of the game system are as follows :

• Frame Rate and Latency: In AR/MR, frame rate (frames per second) and latency

(delay in response time) are crucial for a smooth and comfortable user experience.

Low frame rates and high latency can lead to motion sickness and discomfort.

• CPU/GPU Usage: Monitors the amount of processing power used by the game. Effi-

cient usage ensures smooth performance.

• Comfort and Immersion: Evaluates how comfortable and engaging the experience is,

often assessed through user feedback.

• Session Duration: Average time users spend in the game.

• Gesture recognition accuracy: Gesture recognition accuracy with the Myo Armband

measures how correctly the system identifies and classifies gestures performed by users,

typically ranging from 80% to 90% depending on factors like gesture complexity and
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Figure C.4: Unity Profiler: CPU and GPU usage

data quality. Achieving high accuracy involves optimizing data collection, preprocess-

ing, feature extraction, and model training.

During testing, the game ran smoothly without performance issues, but it was impera-

tive to understand and assess related metrics to understand how the simulation performed.

Relevant performance-related metrics considered are:

CPU Usage: The CPU usage of approximately 33 ms per frame, relative to the target

of 30 FPS (frames per second), suggests that the application is slightly exceeding the desired

frame time. Consistent frame rates are ideal for ensuring smooth gameplay; if the CPU

usage remains stable and does not experience significant spikes, it may still be acceptable.

However, if specific categories such as Scripts or Garbage Collector consistently consume

excessive CPU time, it would be prudent to focus on optimization efforts.

GPU Usage: The GPU usage of approximately 1.6 ms per frame, against the target

of 60 FPS, indicates efficient rendering. This value aligns well with the desired frame rate,
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suggesting that the graphics pipeline is performing optimally. It is important for developers

to continue monitoring GPU usage to ensure a proper balance between visual quality and

performance.

In summary: CPU usage is a bit higher than ideal but still manageable, while GPU

usage is within the expected range. The increased CPU usage was partly due to other

applications running at the same time, but it’s still acceptable.
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Appendix D

MYO CONNECT - MYO ARMBAND MANGER

Figure D.1: Myo Connect-Armband Manager

Figure D.2: Myo Connect-Custom Profile Calibration
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Figure D.3: Myo Connect-Make a fist

Figure D.4: Myo Connect-Spread your fingers
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Figure D.5: Myo Connect-Wave In

Figure D.6: Myo Connect-Wave Out
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Figure D.7: Myo Connect-Relax your arm

Figure D.8: Myo Connect-Profile Calibration Complete.png
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Appendix E

DSI STREAMER

E.1 Panels

Figure E.1: Data Source Panel in Streamer. Used to connect to DSI7 EEG Headset.
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Figure E.2: Montage Panel in DSI Streamer. Used to calibrate each electrode on the DSI7

EEG Headset.

Figure E.3: TCP/IP Panel in DSI Streamer.
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E.2 Known Bugs

E.2.1 TCP/IP Program Slowdown/Speedup

During data collection a critical bug was discovered in DSI Streamer. This bug involved the

order in which data collection and the TCP/IP Socket was setup. It is considered critical

to this work because it negatively impacted data collection and resulted in slowdown of the

program.

Figure E.4: How to avoid the TCP/IP Slowdown Bug. Do not disable TCP/IP during Data

collection either.

Cause In DSI Streamer, connecting the headset or replaying a file before opening the

TCP/IP socket leads to an immediate slowdown of the program. This slowdown not only

affects the timing but also reduces the rate at which data is transmitted over the TCP/IP

socket.

Remedy Open the TCP/IP socket before connecting the headset or replaying a file. If

the bug has already occurred, disabling and then re-enabling the TCP/IP socket can also

resolve the issue.
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E.2.2 Port Connection for the DSI Streamer

Additionally, using the Bluetooth adapter of the Thalmic Labs Myo Armband prevented the

DSI Streamer from connecting to the headset via COM3 port.

Cause The Bluetooth Adapter of the Myo armband was by default connected through the

port of COM3.

Remedy To resolve the COM3 port bug, create a DSI Port history.lst file and assign a

different port, such as COM4, to the DSI streamer.

E.2.3 DSI Streamer Version

Another issue discovered was that the Dry DSI-7 Electrode Headset was only compatible with

DSI-Streamer-v.1.08.60, while the updated Wearable Sensing DSI Streamer only worked with

the DSI-24 Electrode Headset.
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