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Locked In Syndrome (LIS) is a rare neurological condition in which individuals
remain fully conscious but experience near total paralysis, often retaining only lim-
ited eye movement. For such patients, even simple interaction with their surround-
ings can be profoundly challenging. This thesis investigates the feasibility of a low
cost, non invasive brain–computer interface (BCI) capable of translating voluntary
eye movements, detected through electroencephalography (EEG), into control com-
mands for Internet of Things (IoT) devices.
A publicly available consumer grade EEG dataset was utilised, focusing on saccadic
eye movement paradigms of varying complexity. The Muse S2 headset, with four
frontal and temporal electrodes, provided the recording framework. The prepro-
cessed EEG data provided by the dataset were directly segmented using a sliding-
window approach for feature extraction and model training. Two feature extraction
strategies were considered: handcrafted statistical and spectral features for classical
machine learning models, and end to end feature learning via a hybrid Convolutional
Neural Network and Long Short Term Memory (CNN+LSTM) architecture.
Comparative experiments demonstrated that the CNN+LSTM model achieved the
highest performance, with accuracies of 75.9% on structured Level 1 Saccades data
and 69.0% on the more complex Level 2 Saccades data using a four class command
configuration. The trained model was integrated into a simulated IoT environment,
enabling eye movement driven control of common household devices such as lights,
fans, and televisions.
The results confirm that reliable eye movement classification is feasible with con-
sumer grade EEG and deep learning methods, offering a practical pathway toward
accessible assistive technology for individuals with severe motor impairments. The
proposed system provides a foundation for future work involving real time deploy-
ment, expanded device control, and integration with user specific calibration to
enhance accuracy and usability in real world settings.

Keywords: EEG, BCI, Eye-movement classification, Saccades, CNN–LSTM (hybrid
deep learning), LIS, Assistive IoT control, Consumer-grade EEG
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1 Introduction

Locked-In Syndrome (LIS) is a severe neurological condition that is incredibly rare.

It is characterized by quadriplegia and anarthria, which leads to the loss of voluntary

motor control over nearly all skeletal muscles. The main exception is eye movements,

which are typically limited to vertical motion and blinking. Cognitive processing

and consciousness are wholly unaffected by this substantial physical impairment.

The primary cause of the condition is brainstem strokes, specifically infarction of

the ventral pons. However, it may also result from traumatic brain injury, tumors, or

progressive neurological disorders, such as ALS. Patients with LIS are fully cognizant

but incapable of communicating through conventional means, which leads to a sub-

stantial reduction in quality of life and complete reliance on their caregivers. LIS is

predominantly categorized into three subtypes: classical LIS, which is characterized

by retained vertical eye movement and blinking; incomplete LIS, in which patients

exhibit limited voluntary movement; and total LIS, in which all voluntary move-

ment, including eye movement, is entirely absent. The necessity for non-invasive,

efficient, and accessible assistive technology is underscored by the existence of sub-

stantial communication barriers with patients. Traditional communication devices

for LIS patients, such as eye-tracking systems, head switches, or partner-assisted

scanning boards, may require residual motor ability, rendering them unsuitable for

individuals with total body paralysis. These tools are not appropriate for patients

who have completely lost voluntary eye movement. In such cases, eye-tracking sys-



1.1 BACKGROUND 2

tems cannot function, and the EEG-based approach used in this thesis would also

be ineffective because it relies on detecting ocular activity. Additionally, the imple-

mentation of these devices in domestic or institutional settings may be technically

difficult, substantially invasive, or exceedingly expensive. Although LIS is tradi-

tionally divided into classical, incomplete, and total forms, this study focuses on

individuals who retain some degree of voluntary eye movement. This corresponds

mainly to classical LIS and the less severe forms of incomplete LIS, as the proposed

method relies on detecting intentional ocular activity from EEG signals. Patients

with total LIS, who lack any measurable eye movement, fall outside the scope of this

work. The aim of this work is to examine whether eye-movement activity recorded

with a consumer-grade EEG device can be reliably classified and used as the basis

for simple control commands in an assistive context.

1.1 Background

LIS was first described in 1966 as a “false coma due to supranuclear motor deaf-

ferentation” [1]. Although individuals with LIS retain full awareness of their sur-

roundings and remain cognitively intact, they are unable to move or speak because

of bilateral disruption of motor pathways in the ventral brainstem, most frequently

caused by stroke, which accounts for more than half of all cases [2]. Plum and Posner

formalised the clinical definition in 1972, classifying LIS as one of the most severe

neurological disorders in terms of functional limitation. Vertical gaze and eyelid

movements are often preserved, but voluntary control over the limbs and speech

musculature is almost entirely lost [1].

The preserved state of consciousness, combined with the inability to express

needs or intentions through voluntary movement, creates an extreme barrier to com-

munication. This situation highlights the need for assistive tools that can bypass the

damaged motor pathways and translate remaining physiological signals—whether
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brain activity or ocular movements—into functional communication channels [2].

Patients typically retain vertical eye movement, which becomes the primary

method of intentional control [3]. The characteristic lesion of LIS is located in

the pons, interrupting corticospinal and corticobulbar connections while sparing the

cerebral cortex. As a result, individuals experience near-total paralysis but remain

fully aware and capable of thought. In severe cases, even eye movements may be min-

imal or absent, although higher cortical functions continue to operate normally. EEG

recordings often show preserved patterns of cortical activity and regular sleep–wake

cycles, further reinforcing that cognition remains unaffected. Respiratory compro-

mise may occur depending on the extent of brainstem involvement, occasionally

requiring ventilatory support. These clinical features explain why assistive tech-

nologies must rely on signals that do not depend on intact motor pathways [4].

The dissociation between intact cognitive processing and severe motor impair-

ment is clearly visible in neuroimaging. Figure 1.1 presents a sagittal MRI image of

a patient with LIS, where lesions in the ventral pons can be observed. This region

connects the motor cortex to the spinal cord, and its damage disconnects voluntary

motor commands from the rest of the body. Despite this loss of movement, the cere-

bral cortex remains structurally unharmed, allowing individuals to think normally

even though they cannot act on those thoughts [3]. This preserved cortical function

forms the basis for non-muscular communication methods, including EEG-based

systems.

Because motor output pathways are interrupted rather than cortical areas, LIS

leaves higher-order cognitive abilities intact. This distinction is central to under-

standing why several neurological disorders with similar motor limitations—such

as cerebral palsy, muscular dystrophy, multiple sclerosis, Parkinson’s disease, and

brain tumours—face comparable communication barriers despite differing under-

lying causes [2]. The common challenge across these conditions is the absence of
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Figure 1.1: MRI of a patient with LIS showing lesions in the brainstem
[3]

voluntary muscle control, which necessitates assistive systems capable of interpreting

non-muscular signals.

EEG provides one such pathway. Eye blinks and lateral eye movements produce

characteristic potentials that appear prominently in frontal EEG channels [5]. Al-

though these components are considered artifacts in typical EEG analysis, they are

valuable in situations where eye movement becomes the only controllable signal, as

in LIS. For this reason, EEG-based brain–computer interface (BCI) systems offer

a promising avenue for restoring communication. In the present study, these oc-

ular EEG components serve as the primary features for distinguishing intentional

eye-movement patterns [6].

A BCI—also referred to as a Brain–Machine Interface (BMI)—is a system that al-

lows users to control external devices using signals derived from brain activity rather

than muscular movement. BCIs have been applied in contexts such as advanced

prosthetic control, where they enable actions not achievable through conventional
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Figure 1.2: Diagram of human brain and computer interface
[11]

assistive technologies [7]. The core objective of a BCI is to identify patterns in neural

activity that correspond to a user’s intention [8]. Brain responses to stimuli generate

voltage fluctuations that reflect synaptic activity, and these potentials can be cap-

tured non-invasively using surface electrodes. Various techniques exist for recording

neural signals, including invasive methods such as electrocorticography (ECoG) and

non-invasive alternatives such as EEG, magnetoencephalography (MEG), and func-

tional near-infrared spectroscopy (fNIRS) [9], [10]. EEG is used in this thesis because

it is portable, safe, and highly suitable for detecting eye-movement-related activity.

An overview of the basic components of a brain–computer interface is illustrated in

Figure 1.2.

The EEG signal results from the summed electrical activity of neuronal popula-

tions and forms the foundation for most non-invasive BCIs [8]. By relying on cortical

activity rather than residual muscle function, EEG-based systems offer communi-

cation possibilities for individuals who cannot use conventional modalities such as

speech or gestures [12]. Motor neuron damage prevents voluntary commands from

reaching the muscles, making EEG a practical alternative for decoding user intent.

Although BCIs face technical limitations related to signal quality and the inher-
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ent challenges of EEG, advancements in device design have improved usability and

reduced setup complexity [8].

EEG activity is typically described in terms of frequency bands—delta, theta,

alpha, beta, and gamma [7]. These rhythms vary with cognitive state, attention,

and task engagement [8]. Standardized electrode placement systems, such as the

international 10–20 configuration, allow consistent sampling of occipital, parietal,

central, and frontal regions. Research aimed at improving classification performance

has investigated reducing electrode count while focusing on regions relevant to visual

and attentional processing.

EEG signals naturally contain various artifacts, including muscle activity, motion-

related noise, environmental interference, and ocular events. Removing these un-

wanted components is essential for accurate analysis, with Independent Component

Analysis (ICA) and filtering being common tools for isolating genuine neural ac-

tivity. In LIS-oriented EEG studies, experimental designs often rely on structured

visual tasks with repeated cues to elicit stable, classifiable patterns. Such protocols

help differentiate intentional activity from background rhythms, thereby supporting

more reliable decoding of user intent [13].

1.2 Problem Description

Patients living with LIS face extreme restrictions in daily interaction because their

residual motor activity is often too limited to operate conventional assistive tools.

Many existing communication systems—such as camera-based eye trackers, head

switches, or specialized scanning interfaces—require precise movement control, sta-

ble posture, or costly technical setups, which are not always feasible in home envi-

ronments. As a result, a large number of individuals with severe motor impairment

remain dependent on caregivers for even basic tasks.

In contrast, EEG captures the electrical activity generated by extraocular mus-
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cles and the surrounding cortical regions, which can be present even when voluntary

eye control is weak or inconsistent. This makes EEG-based methods more suitable

for individuals with severe motor impairment. However, most EEG-driven commu-

nication solutions still face barriers to practical use. Many depend on laboratory-

grade equipment, rigid stimulus protocols, or interfaces that support only very sim-

ple forms of communication, making them unsuitable for everyday control of com-

mon devices. Furthermore, existing systems often struggle with noisy recordings,

inconsistent signal patterns across users, and difficulties in distinguishing subtle

eye-related EEG activity from background brain rhythms.

These limitations highlight the need for a more accessible solution that can in-

terpret eye-movement-related EEG patterns at a level suitable for functional device

control. The central challenge addressed in this study is the accurate detection

and classification of these EEG patterns using consumer-grade hardware. Meeting

this challenge requires robust preprocessing, reliable classification methods, and a

design that maintains usability outside controlled laboratory settings. The overar-

ching problem, therefore, is to develop a system capable of converting complex EEG

signals into practical, meaningful commands that can support everyday interaction

for individuals with profound motor disabilities.

1.3 Aim and Objectives of the Study

The main aim of this study is to determine whether eye-movement patterns can be

accurately classified using consumer-grade EEG recordings in order to support com-

munication and interaction for individuals with severe motor impairment. Although

EEG-based BCIs have been widely explored in controlled laboratory environments,

their practical use with low-cost equipment remains limited. This research there-

fore focuses on examining the feasibility of using frontal EEG channels to detect

distinct ocular patterns and exploring whether these signals can support functional,
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real-world interaction for individuals who cannot rely on conventional motor-based

input methods. The study adopts an applied perspective, seeking not only to evalu-

ate the classification performance of the EEG-based approach but also to illustrate

how the classified eye-movement signals could be mapped to basic control actions

within an assistive-technology framework.

To pursue this aim, the study first examines how directional eye movements man-

ifest in EEG recordings from the four electrodes available on the Muse S2 headset.

These signals are known to carry strong ocular components, and the study investi-

gates whether these components can be consistently distinguished from background

neural activity across different trial conditions. A key objective is to isolate the

EEG segments that best represent horizontal and vertical eye movements and to de-

termine the extent to which these segments can be used to form distinct, classifiable

patterns. In this study, the analysis is carried out on data that have already under-

gone preprocessing, allowing the focus to be placed on evaluating the classification

performance rather than on developing a new preprocessing pipeline.

Another objective is to design and evaluate classification models capable of learn-

ing these patterns with dependable accuracy. Both machine-learning and deep-

learning approaches are considered in order to compare their strengths and limita-

tions when working with low-density EEG data. Particular attention is given to

hybrid architectures that combine convolutional and recurrent layers, as these mod-

els are well suited to capturing both the spatial structure and temporal evolution of

EEG signals. The performance of these models is assessed across datasets of vary-

ing complexity to understand how classification reliability changes under different

task demands. Beyond classification accuracy, the study also aims to demonstrate

how the resulting outputs can be mapped to functional control actions. A concep-

tual demonstration is used to illustrate how classified eye-movement directions could

support simple control actions in smart-home environments.



1.4 SIGNIFICANCE OF THE STUDY 9

Together, these aims and objectives outline a complete pathway from EEG acqui-

sition to practical IoT control. By integrating signal analysis, model development,

and functional demonstration, the study evaluates whether a consumer-grade EEG

device can support an accessible and low-cost approach to assistive interaction. The

broader intention is to assess whether such a system could form the basis for future

communication or environmental-control tools designed for individuals with severe

motor impairments.

1.4 Significance of the Study

The significance of this study lies in its examination of whether consumer-grade

EEG signals can be used to distinguish simple eye-movement patterns that may

support communication for individuals with severe motor impairment. While many

assistive technologies require consistent motor control or specialised hardware, EEG-

based systems offer an alternative pathway that does not rely on visible movement.

By analysing eye-movement-related components recorded from low-density frontal

electrodes, this work provides insight into the extent to which such signals can be

reliably classified using lightweight equipment.

Although the study does not implement a full assistive device, its findings con-

tribute to the ongoing evaluation of consumer-grade EEG as a practical tool for

basic interaction. The conceptual demonstration included in this thesis illustrates

one possible way that classified signals could be mapped onto simple control actions,

offering a foundation for future development rather than a complete solution. In this

regard, the study’s significance is primarily methodological: it assesses feasibility,

highlights limitations, and identifies directions for further research in the context of

accessible EEG-based communication systems.
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1.5 Research Gap

Despite the growing interest in EEG-based interaction methods, there is limited

evidence on whether consumer-grade headsets can reliably distinguish multiple eye-

movement directions using only a small number of frontal electrodes. Most prior

work has focused either on laboratory-grade devices or on simplified tasks, leaving

uncertainty about the feasibility of performing multi-class ocular classification with

lightweight, accessible hardware. This gap motivates the present study, which ex-

amines the classification performance achievable using low-density consumer EEG.

A major gap relevant to this study is the absence of real-time EEG acquisition

and testing. Because the current work relies on publicly available pre-recorded

datasets, it cannot fully assess how fluctuations in user behavior, environmental

conditions, and moment-to-moment signal quality might affect system reliability.

Real-time testing is essential for evaluating latency, responsiveness, and the user’s

ability to adapt to the interface—factors that play a decisive role in the practical

deployment of assistive technologies.

Another limitation in current research is the relatively small number of studies

that examine end-to-end pipelines capable of linking eye-movement classification

directly to functional device control. Many investigations focus on classification ac-

curacy alone, without demonstrating how these outputs integrate into systems that

users can operate independently. This leaves a gap between technical performance

in controlled datasets and real-world usability in home or clinical environments.

There is also a broader methodological gap concerning generalizability across

users. EEG signals vary widely between individuals, and most existing studies

either rely on subject-specific training or limit their evaluation to small participant

groups. More work is needed to understand how well classification models trained

on consumer-grade EEG data can adapt to new users without extensive calibration.

Taken together, these gaps underscore the need for research that not only evalu-
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ates classification performance but also explores the feasibility of connecting consumer-

grade EEG signals to practical, reliable IoT control mechanisms. The present study

seeks to contribute to this area by examining whether a low-cost EEG device can

support a functional interaction framework, even in the absence of real-time data

collection

1.6 Writing Process and Use of AI Tools

In the preparation of this thesis, artificial intelligence (AI) tools were employed

solely to support the writing process in a limited and transparent manner. Specif-

ically, language assistance tools such as OpenAI’s ChatGPT were used to improve

sentence structure, enhance grammatical correctness, and maintain clarity across

sections. No technical content, experimental design, data analysis, or interpretation

was generated or influenced by AI. All conceptual development, dataset handling,

algorithm implementation, and critical evaluations were conducted independently

by the author. The AI assistance served only as a supplementary aid for refining

existing text and aligning the overall writing style with academic conventions. Care

was taken to ensure that all content reflects the author’s original understanding and

contributions. Furthermore, no AI-generated text was used without verification,

and all scientific claims, figures, and references were manually curated and validated

against original sources.



2 Literature Review

2.1 Introduction

The chapter represents the impact of the most recent communication techniques

for LIS patients. Potential BCI paradigms and previously tested BCIs developed

systems. Several studies have been conducted on EEG-based BCIs, focusing on

enhancing communication, control, and interaction for individuals with neurological

impairments, particularly through the use of non-invasive EEG signal processing and

machine learning techniques. It is a very effective communication technology that

does not rely on neuromuscular or muscle pathways to accomplish communication,

command, and, hence action. While thinking with intention, the subject generates

brain signals that are converted to commands for an output device [8].

2.2 Related Work on ML-Based EEG Systems and

IoT Systems

Machine learning (ML) is a critical component of the development of BCI systems

that are designed to assist LIS patients by enabling communication and control

without the use of muscle movement. The objective of ML in this study [14] on

EEG-based MI-BCI systems is to identify brain patterns that are associated with

a specific activity, without relying on traditional statistical methods. The applica-
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tion of machine learning to interpret EEG data, discern user intent, and improve

system adaptability has been the subject of numerous studies. The EEG signals are

feeble, susceptible to interference and noise, non-stationary for the same individual,

and variable among various participants and sessions, according to this study report

[15]. As a result, the development of a universal machine learning model for an

EEG-based BCI system that is optimal across a variety of individuals, sessions, de-

vices, and activities presents substantial challenges. The study in [15] demonstrates

progress toward this objective through the implementation of a variety of machine

learning methodologies, including active learning and transfer learning (TL). The

research study [8] illustrates that machine learning algorithms can classify a vari-

ety of affective states by utilizing EEG-based BCI. Additionally, the authors [16]

explore the identification of EEG paradigms, such as motor imagery, using machine

learning and deep learning methodologies. LDA is a suitable classifier in BCI sys-

tems, notably for constrained training datasets. Three benchmark machine learning

classifiers, namely SVM, k-NN, and ANN, are extensively employed in MI-BCI sys-

tems. Convolutional neural networks (CNNs) are the primary method used by deep

learning to classify motor imagery signals in brain-computer interface devices. The

studies reviewed here and related works primarily involve healthy participants rather

than individuals with LIS.

This research [17] introduces a hybrid signal processing method that utilizes

power spectral density and digital filters to extract EMG-like characteristics from

EEG data. This method simplifies the administration of domestic appliances and

other IoT devices. The prototype execution was successful, and the approach was

centered on immobile individuals. A non-invasive communication system based on

EEG was developed in this study [18] through the use of fuzzy logic pattern identifi-

cation. Their solution included a 14-channel EEG apparatus, a tablet interface that

demonstrated six fundamental demands, and a bidirectional communication system
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with caregivers via a mobile application. The device efficiently converted EEG data

generated by eye movements and color concentration into auditory warnings and

instantaneous notifications. The studies reported in [19] and [20] investigated the

categorization of EEG responses to visual color stimuli using both conventional ma-

chine learning and CNN-based methods. Despite the fact that the research was not

explicitly IoT-enabled, it emphasized real-time, user-centric interaction paradigms

that are suitable for LIS patients, thereby laying the groundwork for an eventual in-

tegration with intelligent settings. These studies collectively offer effective methods

for closing the communication gap for LIS patients through EEG-driven systems,

thereby enabling the potential control of IoT devices and assistive communication.

The IoT aims to simplify the process of data exchange among global systems by

utilizing advanced communication technologies. IoT-based solutions have become a

practical reality as a result of recent technological advancements. The contemporary

digital landscape will be enriched by a variety of potential transformative benefits

that the IoT will offer. The healthcare sector is a prospective area for leveraging the

benefits of IoT in the future, as it will be more personalized and interconnected. This

paper investigates the technological requirements for the development of healthcare

applications, including the specific requirements for the implementation of compre-

hensive end-to-end solutions for each application. The survey investigates the fun-

damental application-specific requirements from the perspective of communication

technology [21].

2.3 EEG-Based BCI Systems for LIS

EEG-based BCI systems designed for individuals with LIS typically rely on well-

established paradigms such as P300, Steady-State Visual Evoked Potentials (SSVEP),

and Slow Cortical Potentials (SCP). P300-based BCIs rely on detecting an event-

related potential that appears around 300 ms after a user perceives a target stimulus,
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making them suitable for individuals who can maintain visual attention. SSVEP

systems, in contrast, use visual flickers at specific frequencies, which evoke steady-

state responses in the occipital cortex when the user focuses on a chosen stimulus.

Hybrid P300–SSVEP systems combine both responses within a single interface, en-

abling higher accuracy and improved reliability, particularly for users with limited

voluntary movement, such as individuals with LIS. These systems share several es-

sential components: an EEG acquisition device, a stimulus or task presentation

module that elicits measurable neural responses, a signal-processing pipeline to ex-

tract relevant features, and a classifier that translates these features into selectable

commands. Their relevance to LIS has been highlighted in clinical and review studies

[22]. P300-based BCIs are widely researched for LIS [23] because the evoked response

remains detectable even in individuals with limited voluntary movement. SSVEP

systems, which rely on frequency-specific visual stimuli, provide high information-

transfer rates [24], whereas SCP-based approaches support slower but more deliber-

ate communication [25]. Together, these paradigms form the foundation of current

EEG-based communication systems for LIS, each with strengths and limitations

depending on the individual’s residual abilities.

EEG is a well-known and, in some cases, the most established brain imaging tech-

nique. It offers a comprehensive understanding of a variety of cognitive processes,

such as thought, learning, perception, and affective arousal [26]. The Eye-Movement

EEG system delineates a distinctive approach that employs a BCI to acquire EEG

data from human participants during eye movement. The data is subsequently clas-

sified into six categories using a random forest classification algorithm [27].

There are some limitations in Real-Life Deployments. The System’s function-

ality is restricted by certain constraints, such as the necessity for patient training

and the requirement for the headpiece electrodes to remain consistently damp [18].

The proposed system is user-friendly, transportable, and enables patients to artic-
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ulate themselves without the need for physical exertion or effort. Contemporary

technical approaches are markedly sluggish, resulting in a time lag of 10-15 min-

utes for responses from a LIS patient to various stimuli, such as quips or remarks.

Consequently, some limitations are also acknowledged in BCI techniques [7].

2.4 Available Databases

Most publicly available EEG datasets used in BCI research do not focus on eye-

movement patterns, as many were created for tasks such as P300 spellers, motor

imagery, or deception detection. These datasets are therefore unsuitable for the

present study, which requires EEG signals that contain clear ocular activity. For

this reason, the analysis in this thesis relies on a dataset specifically designed for

eye-movement categorisation using frontal EEG channels, ensuring that the recorded

signals are directly relevant to the intended classification task.

EEG data from ten participants who completed a Concealed Information Test

(CIT) paradigm were utilised to analyse P300 event-related potentials [26]. The CIT

protocol involved presenting known and unknown visual stimuli, and the recorded

EEG signals were processed on a subject-wise, single-trial basis for classification and

feature extraction. The data were acquired using a 16-channel EEG system. Al-

though the original dataset was designed for P300 analysis, it has also been adapted

in subsequent work to support the development of low-sensor communication in-

terfaces based on real-time eye-movement categorisation using continuous wavelet

transform features. The classification methods, which included support vector ma-

chines, linear discriminant analysis, and k-nearest neighbors, were evaluated in this

study [28] using EEG datasets. In addition, studies such as [29] used publicly

available EEG datasets or experimental EEG recordings that were collected for the

purpose of analyzing visual stimuli, motor imagery, or specific cognitive tasks. The

EEG signals from healthy participants were typically obtained at 128–256 Hz in
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these datasets, which ranged from low-channel to high-density electrode arrange-

ments. No medical documentation of any psychiatric condition was found for the

individual, and they had normal or corrected vision. A succinct summary of the en-

tire experimental protocol is provided to participants. Individuals have submitted

written consent for their involvement in this investigation prior to the initiation of

the experimental method.

The present study uses the Consumer-Grade EEG-Based Eye Tracking dataset

published by Afonso and Heinrichs (2025) [30]. This dataset contains simultaneous

EEG and eye-tracking recordings collected from 113 participants across 116 sessions

using the Muse S2 headband, which provides four frontal and temporal electrodes

(AF7, AF8, TP9, TP10) with Fpz as the reference. The recordings were conducted

under four controlled eye-movement paradigms—level-1 saccades, level-1 smooth

pursuit, level-2 saccades, and level-2 smooth pursuit—designed to capture horizontal

and vertical gaze shifts of varying complexity.

2.5 EEG Classification Algorithms

In BCI devices for patients with LIS, the proficient categorization of EEG data is

essential. Support Vector Machines (SVM) and Random Forests (RF) are examples

of conventional machine learning techniques that have been extensively employed.

RF has consistently exhibited efficacy by utilizing factors such as energy distribu-

tion and fractal dimensions derived from Variational Mode Decomposition (VMD).

The study reported in [19][20] applied Random Forest classifiers to distinguish be-

tween target and non-target visual stimuli in an ERP-like task. CNNs have recently

become increasingly popular in the field of deep learning. Conventional methods

are surpassed by convolutional neural networks, such as EEGNet, which can au-

tonomously extract spatial-temporal information from EEG data.

SVM, KNN, Decision Trees are some of the traditional machine learning meth-
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Table 2.1: Analysis of Related Work
Author
Name

Methodology Purpose Dataset Result

Shehieb et al.
(2017)

Rule-based
fuzzy logic
classifier

Interprets
eye move-
ment signals
captured via
an Emotiv
EPOC EEG
headset

Custom data
collected ran-
domly

Clear com-
mand mapping
through eye
movements;
enabled patients
to communicate
basic needs via
mobile app

Tobias Moe
(2021)

Subject-
independent
CNN (EEG-
Net)

Classify
EEG signals
related to
visual stimuli
like colored
icons

Public and
custom
datasets

Avg. accuracy
of 60-65% in
4-class classifi-
cation

Aman Ku-
rapa et al.
(2020)

EEG + hy-
brid digital
filters (MAT-
LAB); PSD
analysis

Extract EMG
from EEG for
IoT control
in immobile
users

8 male sub-
jects; EEG
tasks (eye,
hand, jaw
movement)

EMG signals
successfully ex-
tracted; enabled
device control

Evangelos
Antoniou et
al. (2021)

EEG with
band energy
features;
Random For-
est classifier

Classify
eye move-
ments for
EEG-based
wheelchair
control

10 subjects;
219 EEG
samples with
6 eye direc-
tions

85.39% accuracy
with Random
Forest; best
among tested
models

Sara Åsly
(2019)

EMD + ML
classifiers;
CNN with
raw EEG

Classify RGB
visual stimuli
via EEG for
BCI applica-
tions

7 partic-
ipants;
dataset
with RGB
color stimuli

each subject:
0.58(NB),
all subject:
0.37(NB); gray
vs color: 0.99
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ods. SVM, which was initially devised for data categorization, has gained significant

prominence in BCI research. A binary classifier that is frequently employed in su-

pervised learning is the SVM. The objective is to minimize the expected risk while

identifying the optimal hyperplane for partitioning the training data. This study

evaluates the proposed system in comparison to the following classification tech-

niques: Naïve Bayes, Bayesian Networks, KNN, MLP, SVM, Decision Tree, and

Bagging [27]. CNN, LSTM, EEGNet are some of the deep learning methods. A

growing number of researchers regard deep learning as a significant methodology for

the detection of emotions in EEG. The CNN architecture described in this study

[31] is based on the EEGNet framework, which is publicly available. EEGNet is a

CNN architecture that is expressly intended for the categorization of EEG data and

is concise [32].

Model evaluation metrics include Accuracy, F1, Specificity. Evaluation metrics

are quantitative measures used to assess the performance and effectiveness of a

statistical or machine learning model. These metrics provide insights into how well

the model is performing and help in comparing different models or algorithms.

Subject-Specific classification involves training and testing a model using data

from the same individual. These models generally achieved higher accuracy. Some

subjects’ models (e.g., subjects 7, 8, 18, 32, 34) performed particularly well, show-

ing that personalized models can effectively learn individual EEG patterns. Cross-

Subject classification involves training a model using data from multiple participants

and testing it on a new, unseen subject. While this approach is more scalable for real-

world applications, its accuracy was noticeably lower than that of subject-specific

models [30]. This drop in performance is due to variability in EEG signals across

individuals, such as brain anatomy, signal noise, and eye movement differences.
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2.6 Signal Processing for Eye Movement Detection

The systematic identification of reliable neural patterns from chaotic biosignals is a

critical component of eye movement recognition in EEG-based BCI systems, which

is facilitated by signal processing. The initial phase entails the acquisition of raw

EEG data using non-invasive scalp electrodes, which are typically arranged in accor-

dance with the international 10-20 system. The focus is on the frontal and occipital

regions, where eye movements induce substantial brain activity [27]. Preprocessing

is essential for the evaluation of EEG data, particularly in BCI systems that detect

eye movements. The primary objective is to mitigate noise and eradicate unwanted

artifacts that are the result of environmental influences, muscle contractions, and

ocular blinks. Standard techniques involve the use of bandpass filters, which are typ-

ically configured between 0.5 Hz and 30 Hz, in order to preserve frequency ranges

that are pertinent to ophthalmic signals. Furthermore, the utilization of notch filters

at 50 or 60 Hz is employed to reduce power line noise [17].

Bandpass and notch filters are the most frequently used filters in the process-

ing of EEG data [28]. A band-pass filter transmits sounds within a specific range

while attenuating frequencies that exceed that range. The unprocessed data and

the artifact-free data are both subjected to a band-pass filter. A notch filter is a

filter that is substantially attenuated at a specific frequency and has a very nar-

row bandwidth. The optimal frequency response of a notch filter is demonstrated

in this research study [17].ICA method is used to decompose blended signals into

their independent, non-Gaussian constituents. It aims to identify a linear transfor-

mation of data that maximizes the statistical independence of the components [33].

The utilization of ICA is a critical methodology in this investigation. This entails

blind source separation algorithms that linearly divide EEG data into distinct source

components.

Shallow features are attributes that are painstakingly constructed in a variety of
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analytical domains, such as the frequency domain, time domain, and time-frequency

domain [34]. The classifier type and the features selected during the feature extrac-

tion phase should be determined in accordance with the specific BCI type. SSVEP

BCIs are more appropriate for frequency domain features, while P300 is suitable

for time domain or time-frequency domain features, such as wavelets [28]. SSVEP

signals consist of continuous oscillatory responses that occur at the same frequency

as the flickering visual stimulus, which makes their information content primar-

ily frequency-specific. For this reason, SSVEP BCIs are typically analysed using

frequency-domain features such as power spectra or harmonic components. In con-

trast, the P300 is an event-related potential. Since this response is transient and

has a well-defined temporal shape rather than a stable frequency pattern, it is more

appropriately captured through time-domain measurements or time-frequency tech-

niques such as wavelet transforms, which preserve both timing and signal morphol-

ogy.

Event-related potentials (ERPs) are voltage fluctuations in the EEG signal that

occur in response to specific sensory, cognitive, or motor events, and they are char-

acterised by their precise timing and stereotyped waveform patterns. Within the

broader field of EEG-based BCI research, ERPs form one of the six commonly recog-

nised paradigms explored in recent transfer-learning studies, alongside approaches

such as motor imagery and SSVEP [15]. These paradigms represent distinct frame-

works through which neural activity can be interpreted for communication and con-

trol purposes.

2.7 IoT Integration in BCI Systems

Smart home systems integrated with BCIs can perform basic tasks like turning lights

on/off, controlling the thermostat, or sending alerts to caregivers. These systems

usually use a lightweight EEG headset like Emotive and connect to tablets or com-
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puters that interpret the signal and relay it to IoT devices via wireless protocols or

databases. Several studies, such as [18], have developed IoT-enabled communica-

tion platforms that rely on EEG signals, but these systems were tested primarily

with healthy participants rather than individuals with LIS. Although not evalu-

ated in clinical LIS populations, these works demonstrate how basic EEG-derived

commands can be integrated with mobile applications or smart-home devices using

lightweight acquisition hardware. They developed communication platforms where

patients could express basic needs such as food, sleep by focusing on screen elements.

The selected command, detected using fuzzy logic from EEG signals, is sent to an

Android app as a pop-up and voice alert. Other systems use similar techniques to

control smart bulbs, wheelchairs, or even appliances.

Key challenges in integrating BCIs with IoT include real-time responsiveness,

reliable wireless data transfer using Firebase or Bluetooth, and energy constraints

in wearable devices. Signal noise, variability, and the need for continuous power to

maintain connectivity and processing also pose limitations.

BCIs require individual calibration to adjust to each user’s unique brain sig-

nal patterns. This step is essential for accuracy but can be time-consuming and

mentally taxing, especially for patients. Sustained use of BCIs can cause fatigue,

reducing performance and reliability. In the EEG experiments from Tobias Moe’s

project, minimizing mental effort was a design priority to avoid exhausting the user

while still enabling communication. Effective BCIs use feedback to confirm that a

command was received. For instance, in [18], visual feedback (GUI) and auditory

messages ensured the patient knew their input was acknowledged, improving confi-

dence and usability. BCI systems designed for clinical use must prioritize informed

consent, data privacy, and emotional well-being. Since users are often in vulnera-

ble conditions, ethical concerns also include long-term psychological impact and the

potential for overdependence on technology.



3 Methodology

3.1 Dataset Description

This research employs the Consumer-Grade EEG-Based Eye Tracking Dataset, in-

cluding synchronized EEG and webcam-based eye-tracking records. The dataset was

created to enhance research on EEG-based eye tracking (EEG-ET) and to aid in

the development of practical, cost-effective BCI systems. The collection comprises

113 subjects documented throughout 116 sessions, yielding roughly 11 hours and 45

minutes of EEG and eye-tracking data [30].

Participants were primarily healthy adults, with a distribution of 91 males (81%)

and 22 females (19%). Most were right-handed (88%), while 11% were left-handed,

and 1% ambidextrous. Approximately 48% of participants used vision correction,

and a small fraction reported neurological conditions (5%) or color blindness (2%).

All participants voluntarily participated without financial compensation and pro-

vided informed consent in accordance with ethical guidelines [30]. The dataset

consists of four experimental paradigms, progressively increasing in complexity:

• Level-1 Saccades (simple left-right-up-down eye movements)

• Level-1 Smooth Pursuit (smooth movement along a single axis)

• Level-2 Saccades (random saccades across a 5×5 grid)

• Level-2 Smooth Pursuit (smooth movement along randomized complex trajec-
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tories)

This thesis examines data from both the Level-1 and Level-2 saccades paradigms.

The Level-2 task requires participants to track a stimulus that moves across 25 ran-

domized positions within a 440 mm × 220 mm display area at 1.5-second intervals,

whereas the Level-1 task consists of more basic directional saccades with a smaller

set of fixed target positions. This simulates complex menu navigation scenarios

suitable for IoT device control using eye movements [30].

EEG signals were recorded using the Muse S2 headband, a consumer-grade EEG

headset equipped with four dry electrodes (TP9, TP10, AF7, AF8) and a reference

electrode at Fpz, sampled at 256 Hz. Simultaneously, a Logitech StreamCam web-

cam captured eye gaze positions at 60 frames per second using GazePointer software.

Data streams from the EEG device, eye tracker, and stimulus presentation software

were synchronized via the Lab Streaming Layer (LSL) protocol [30].

Participants were seated approximately 60 cm from a 24-inch monitor (2560×1440

resolution). Sessions were conducted in naturalistic classroom environments to re-

flect realistic, non-laboratory conditions. Each session included a calibration phase,

followed by an experimental phase where participants were instructed to follow on-

screen targets as accurately as possible using eye movements. During Level-2 Sac-

cades, the target moved unpredictably between 25 grid locations with visual cues

(e.g., countdown circles, directional lines) to assist gaze accuracy [30].

The dataset is available in both CSV and XDF file formats. Each session file con-

tains time-synchronized recordings of several key data streams. These include the

EEG signals recorded from four electrode positions: TP9, AF7, AF8, and TP10, la-

beled respectively as EEG_TP9, EEG_AF7, EEG_AF8, and EEG_TP10. Along-

side these EEG channels, the dataset also provides two-dimensional gaze coordinates

(Gaze_x and Gaze_y) corresponding to the participant’s eye movement during each

trial. In addition, the position of the visual stimulus presented on the screen is



3.2 DATA PREPROCESSING 25

recorded through the Stimulus_x and Stimulus_y fields. All of these data streams

are indexed with precise timestamps, allowing for accurate temporal alignment dur-

ing analysis.

The preprocessed versions of the dataset incorporate several key signal condi-

tioning steps. First, a bandpass filter ranging from 0.5 to 40 Hz was applied to

retain relevant EEG frequencies while suppressing slow drifts and high-frequency

noise. In addition, notch filters targeting both 50 Hz and 60 Hz frequencies were

used to eliminate power-line interference common in EEG recordings. To address

gaps in the data, missing values were imputed using Kalman smoothing in combina-

tion with Seasonal AutoRegressive Integrated Moving Average (SARIMA) models,

as described in [35]. This structured design facilitates machine learning research

while addressing challenges of consumer-grade EEG data quality.

Unlike prior datasets designed solely for medical research, this dataset uniquely

enables the exploration of real-time IoT control systems. The Level-2 Saccades

paradigm particularly simulates eye-based interaction with menu-driven interfaces,

representing a practical scenario for assistive technology targeting individuals with

limited or no motor control.

3.2 Data Preprocessing

All experiments in this thesis were carried out on the preprocessed EEG files pro-

vided with the Consumer-Grade EEG-Based Eye Tracking dataset. The dataset

authors released, alongside the raw recordings, a set of “cleaned” CSV files in which

the main artifact removal and signal conditioning steps had already been applied

[30]. After loading the preprocessed files, a study-specific preprocessing pipeline

was implemented in Python to transform the continuous signals into fixed-length

examples suitable for CNN–LSTM training. Only the four Muse S2 EEG channels

(TP9, AF7, AF8, TP10) were retained, as these correspond to the frontal and tem-
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poral regions most sensitive to eye-movement-related artifacts. For each recording

session, only trials belonging to the Saccades paradigms were selected. Separate

preprocessing scripts were used for Level-1 Saccades and Level-2 Saccades, but the

core steps were identical: channel selection, epoching with an overlapping sliding

window, label generation, and normalization.

The first study-specific step was epoch segmentation. The continuous EEG

stream for each participant was divided into short time windows using a sliding-

window procedure with overlap, implemented exactly as in the python notebooks.

For Level-1 Saccades, which contains simple gaze shifts in four cardinal directions,

windows of 2 seconds (512 samples at 256 Hz) were used. For Level-2 Saccades,

which contains more irregular and spatially distributed target jumps, windows of 3

seconds (768 samples) were chosen to capture more temporal context around each

stimulus. Although each stimulus in the Level-2 Saccades paradigm was displayed

for 1.5 seconds, a 3-second window was selected to ensure that the full temporal

evolution of the eye movement was captured. Level-2 Saccades contain larger and

more irregular gaze shifts than the Level-1 paradigm, and participants often require

additional time to initiate, complete, and stabilize their gaze position. Extending

the window, therefore, includes the preparatory activity, the saccadic event itself,

and the post-movement settling period, all of which contribute discriminative infor-

mation to the classifier. In both cases, the window advanced with a 75% overlap,

so successive epochs shared most of their samples. This choice increased the num-

ber of training examples and allowed the model to capture transitions between gaze

positions rather than only isolated snapshots.

Class labels were then generated from the stimulus coordinates included in the

preprocessed dataset. These coordinates specify the on-screen position of the target

at every time point and were converted into discrete direction labels for classification.

In the Level-1 Saccades paradigm, each epoch was assigned one of four labels—Left,
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Right, Up, or Down—according to the predominant stimulus movement within the

window. For the Level-2 Saccades paradigm, the original 5×5 grid of target locations

was reduced to four broader directional zones. This was done by grouping grid

positions according to their horizontal and vertical offset from the centre of the grid:

positions to the left of the central column were assigned to the Left Control class,

positions to the right to the Right Control class, positions above the central row to

the Up Control class, and those below it to the Down Control class. Each epoch

received the label corresponding to the region in which the stimulus appeared most

frequently during the epoch window. This approach mirrors a simple menu-based

control structure in which each direction triggers a distinct IoT command.

Once epochs and labels were created, the EEG segments were normalized to

reduce inter-subject variability and stabilize network training. For every epoch,

each channel was transformed using z-score normalization: the channel mean within

that epoch was subtracted and the result divided by the corresponding standard

deviation. This operation centred the data around zero and scaled it to unit variance

on a per-epoch, per-channel basis, which helped the CNN–LSTM model converge

more reliably across different participants and recording sessions.

The final set of preprocessed and normalized epochs was divided manually into

training and test sets using a stratified split to preserve class balance across both

subsets. Each example was stored as a three-dimensional array with shape (samples,

channels, 1) for compatibility with the one-dimensional convolutional layers, and the

class labels were one-hot encoded for multi-class softmax output. A stratified 80/20

split was applied so that all classes were proportionally represented in both training

and test data. No additional filtering, artifact correction, or feature extraction was

performed at this stage; the CNN–LSTM architecture was designed to learn spa-

tial–temporal patterns directly from these minimally processed yet already denoised

EEG epochs.
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Stage Description Purpose

Channel Se-

lection

Extraction of the four Muse S2 chan-

nels (TP9, AF7, AF8, TP10).

Focus on regions

responsive to eye-

movement activity

and reduce dimen-

sionality.

Epoch Seg-

mentation

Sliding-window segmentation: 2-

second windows for Level-1, 3-

second windows for Level-2, with

75% overlap.

Create fixed-length

time segments cap-

turing temporal

dynamics of eye

movements.

Label Con-

struction

Mapping stimulus coordinates to

four directional classes (Left, Right,

Up, Down); custom IoT command

mapping applied for Level-2 Sac-

cades.

Generate class labels

aligned with IoT con-

trol and thesis objec-

tives.

Normalization Z-score normalization applied per

channel within each epoch.

Reduce inter-subject

variability and stabi-

lize model training.

Tensor

Prepara-

tion

Reshaping data to 3D arrays (sam-

ples × channels × 1); one-hot en-

coding of labels; stratified 80/20

train–test split.

Prepare data struc-

ture for CNN–LSTM

training and evalua-

tion.

Table 3.1: Summary of the data preprocessing pipeline used in this study.

In summary, the preprocessing used in this thesis combines the dataset-level

cleaning carried out by the original authors—synchronization, filtering, and gap im-
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putation—with a task-specific stage implemented in the accompanying code note-

books: selection of relevant channels, sliding-window epoching, custom label con-

struction for both Level-1 and Level-2 Saccades, normalization, and preparation of

data tensors for deep learning.

3.3 Feature Extraction

Feature extraction plays a critical role in the transformation of raw EEG signals

into representations that are suitable for effective machine learning classification. In

this study, two distinct feature extraction strategies were considered: (1) traditional

feature extraction methods based on statistical and frequency-domain features for

classical machine learning classifiers, and (2) end-to-end feature learning via deep

learning models, specifically using CNN and Long Short-Term Memory (LSTM)

networks.

For comparative analysis, traditional handcrafted features were extracted from

the segmented EEG epochs and used as input for classical machine learning algo-

rithms, including SVM and RF classifiers. These features fell into two principal

categories: time-domain and frequency-domain metrics. In the time domain, sta-

tistical measures such as mean, standard deviation, skewness, and kurtosis were

computed across each EEG channel within individual epochs. These descriptors

capture basic signal properties, including amplitude variation and the asymmetry

of the signal distribution, which are often indicative of neural activity patterns [36].

In the frequency domain, power spectral density was estimated using Welch’s

method [37], providing a breakdown of the signal’s power distribution over frequency.

From this, average band power values were calculated within specific EEG frequency

ranges that are well-established in neuroscience literature. These included the theta

band (4–8 Hz), which is associated with cognitive control and attentional processing;

the alpha band (8–12 Hz), often linked to visual attention and resting-state activity;
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and the beta band (12–30 Hz), which is typically related to motor functions and

focused mental activity.

These band power features have been frequently used in eye movement and

BCI applications due to their interpretability and efficiency [38]. Although these

traditional features offer certain advantages in terms of simplicity and explainability,

they are limited in capturing the complex spatial-temporal dynamics present in EEG

signals, particularly during multi-directional eye movements in Level-2 Saccades

tasks.

Deep learning end-to-end feature learning was considered as primary methodol-

ogy here. The primary feature extraction approach employed in this thesis relies

on automatic end-to-end feature learning through deep neural networks. Unlike

traditional methods, deep learning models learn relevant features directly from the

raw or minimally preprocessed EEG signals during the training process, thereby

eliminating the need for handcrafted feature design [36].

The initial convolutional layers of the neural network architecture act as spatial

filters, learning to extract spatial features from the multi-channel EEG data. These

layers apply multiple learnable convolutional kernels across the EEG time series, cap-

turing local patterns and channel-wise dependencies associated with eye movement

tasks. This approach has been shown to effectively model spatial representations in

EEG decoding tasks [39].

To capture the temporal dynamics and sequential dependencies inherent in eye

movement-related EEG patterns, LSTM layers were integrated after the convolu-

tional blocks. LSTM networks are specialized recurrent neural networks (RNNs)

capable of modeling long-range dependencies in sequential data and are particu-

larly effective in handling non-stationary signals like EEG [40]. The combination

of CNN and LSTM layers enables the model to capture both instantaneous spatial

features and long-term temporal trends, making it suitable for decoding complex
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eye movement sequences required in menu-based IoT control.

The decision to rely on CNN + LSTM hybrid models aligns with contemporary

research findings that demonstrate superior classification performance using deep

learning models on EEG data compared to traditional machine learning techniques

[38]. Furthermore, by directly learning from raw EEG epochs, the model avoids

potential information loss that can occur during manual feature extraction, thus en-

hancing classification robustness, especially in the presence of noisy, consumer-grade

EEG signals [36].

Table 3.2: Feature Extraction Approaches Used in This Thesis
Feature Extraction
Approach

Description Usage in Thesis

Traditional Features Time-domain (mean, std, skewness),
Frequency-domain (band power: theta,
alpha, beta)

Used for comparative
baseline experiments

Deep Learning Fea-
tures

CNN extracts spatial patterns; LSTM
captures temporal dependencies from
raw EEG

Primary method for
eye movement and
IoT command classifi-
cation

This dual approach enabled comprehensive performance evaluation, with deep

learning providing a scalable solution for real-world IoT device control based on eye

movements.

3.4 Deep Learning Classification Pipeline

In this thesis, an end-to-end deep learning approach was implemented, employing

a hybrid CNN and LSTM architecture for the classification of eye movements from

EEG signals. The primary objective of the classification pipeline was to decode

multi-class eye movement patterns corresponding to directional gaze shifts and IoT

command intentions, particularly suitable for assistive IoT control systems targeting
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LIS patients. The pipeline was systematically applied to both Level-1 Saccades and

Level-2 Saccades datasets to evaluate its adaptability across simple and complex eye

movement scenarios.

The input to the deep learning pipeline consisted of normalized EEG epochs,

which were segmented into fixed-length time windows using a sliding window ap-

proach with 75% overlap. For the Level-1 Saccades dataset, each epoch spanned 2

seconds, corresponding to 512 samples per window, and included four directional

movement classes: left, right, up, and down. In the case of Level-2 Saccades, the

configuration was designed for a simplified 4-class classification scenario and utilized

longer 3-second epochs, equivalent to 768 samples. This adjustment was intended

to enhance classification robustness in more complex, multi-directional visual tasks.

Prior to model training, all EEG epochs were standardized using z-score normal-

ization, which adjusted the signal values to have a mean of zero and a standard

deviation of one across each channel, thereby improving model convergence and

performance [38].

3.4.1 CNN + LSTM Hybrid Model Architecture

The core deep learning architecture was designed to integrate both spatial and tem-

poral feature learning, combining CNN with LSTM layers to effectively model the

characteristics of EEG signals associated with eye movements. The first component

of the model consisted of one-dimensional convolutional layers applied to the EEG

input to capture spatial patterns across time within each channel. Two such layers

were implemented: the initial convolutional layer employed 64 filters with a kernel

size of 5, followed by a dropout layer with a rate of 50% to mitigate overfitting;

the subsequent layer used 32 filters with a kernel size of 3 to extract more abstract

spatial features from the signal.

To address the temporal nature of eye movement sequences embedded in EEG
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data, a recurrent LSTM layer with 64 units was placed after the convolutional block.

This component enabled the model to capture time-dependent signal dynamics,

which are essential for identifying transitions between gaze directions and blink pat-

terns [40]. The final portion of the network consisted of a fully connected dense layer

with 64 units and a ReLU activation function, followed by a softmax output layer

corresponding to the classification task—either four or six target classes, depend-

ing on the configuration. Together, this CNN+LSTM hybrid structure provided a

balanced mechanism for learning both local spatial patterns and global temporal

dependencies from non-invasive EEG recordings.

3.4.2 Model Compilation and Training

The model was compiled using the Adam optimizer in combination with a categorical

cross-entropy loss function, both of which are well-suited for multi-class classification

tasks. Across all experiments, the training procedure followed a consistent configu-

ration. Each model was trained for 40 epochs with a batch size of 32, allowing for

efficient gradient updates without overloading system memory. To monitor gener-

alization performance, 20% of the training set was reserved as a validation subset

during training. Additionally, early stopping was selectively employed during hy-

perparameter tuning sessions to prevent overfitting and to terminate training once

validation performance plateaued.

3.5 Simulated IoT Control Environment

The final stage of this work was to demonstrate how the classified eye-movement

commands could be connected to a device-control framework. Although no physical

IoT hardware was used in this study, a small simulation script was implemented

to validate the end-to-end flow from EEG classification to actionable output. The
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purpose of this demonstration was not to model a complete smart-home environment

but to provide a functional proof of concept showing that the predicted class labels

can be translated into simple device-control instructions.

The simulation operated by assigning each of the four output classes—Left,

Right, Up, and Down—to a corresponding control function. These functions were

implemented as lightweight Python routines that printed the action being triggered,

such as turning a light on or off, changing its brightness, or selecting an item in

a notional menu. The script continuously monitored the model’s predictions and

executed the appropriate function whenever a new label was produced. In this way,

the demonstration reproduced the behaviour of a basic command interface without

requiring network communication protocols, external APIs, or embedded hardware.

This minimal setup served to confirm that the classification pipeline can drive

an external control layer and that the output structure is compatible with common

IoT interaction patterns. While the present study does not extend to a full device-

level implementation, the demonstrated mapping establishes a clear pathway for

future development. The processed EEG system can be readily connected to micro-

controller platforms or smart-device APIs, allowing the same directional commands

used in the simulation to be issued to real IoT hardware in subsequent work.

3.6 Evaluation Strategy

The performance evaluation of any EEG-based classification system is critical to un-

derstanding its reliability, generalization capacity, and practical applicability, par-

ticularly for sensitive use cases such as assistive control for LIS patients. In this

thesis, a multi-dimensional evaluation strategy was adopted to comprehensively as-

sess the proposed CNN + LSTM hybrid classification pipeline in the context of eye

movement classification and IoT control simulation.

The evaluation strategy was designed to fulfill several core objectives central to
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validating the proposed system. First, it aimed to measure the classification ac-

curacy of the CNN + LSTM model in detecting directional eye movements from

EEG signals. Beyond performance measurement, the evaluation also focused on

assessing the model’s robustness across varying levels of dataset complexity, specif-

ically comparing outcomes from the simpler Level-1 Saccades data with those from

the more challenging Level-2 Saccades paradigm. In addition, the study examined

the impact of classification configuration by comparing 4-class and 6-class models to

evaluate their suitability for real-time IoT control applications. Ultimately, the anal-

ysis sought to establish a quantitative basis for the practical feasibility of deploying

an EEG-driven interface capable of controlling IoT devices in assistive environments

for individuals with LIS.

Accuracy was used as the primary metric to evaluate overall performance. It

represents the proportion of correctly classified samples over the total number of

samples:

Accuracy =
Correct Predictions
Total Predictions

It is especially useful in assessing general model performance in both binary and

multi-class classification tasks.

A confusion matrix was employed to visualize the relationship between the pre-

dicted and actual classes, offering detailed insight into the model’s classification

behavior. This approach made it possible to detect patterns of misclassification,

which helped in understanding where the model struggled to distinguish between

specific eye movements. It also highlighted the influence of class imbalance on

performance, revealing instances where certain classes dominated the predictions.

Furthermore, the matrix was particularly useful in analyzing overlapping tendencies

among classes in more complex multi-class scenarios, such as those encountered in

the Level-2 Saccades dataset.

The F1-score, the harmonic mean of precision and recall, was calculated for each
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class:

F1-score = 2× Precision × Recall
Precision + Recall

F1-score provided a balanced metric that accounts for both false positives and

false negatives, offering a more nuanced understanding of model performance, espe-

cially important in imbalanced class distributions.

Training and validation accuracy curves (learning curves) were plotted to analyze

model convergence behavior. This helped in detecting overfitting or underfitting ten-

dencies during training phases, thus informing potential architecture adjustments.

To ensure a thorough and meaningful evaluation, the analysis was structured

across multiple dimensions. First, the model’s performance was compared across

datasets of varying complexity, specifically contrasting the Level-1 Saccades with the

more challenging Level-2 Saccades to assess robustness under different experimental

conditions. Where applicable, the performance of the proposed CNN + LSTM

architecture was also benchmarked against traditional machine learning approaches,

such as Support Vector Machines and Random Forest classifiers. Although the

deep learning model remained the primary focus, these optional comparisons offered

useful context regarding baseline performance. Overall, this multi-faceted evaluation

strategy yielded a nuanced understanding of how the system responds to varying

degrees of task complexity and command diversity, aligning closely with the intended

use case of EEG-based IoT control for individuals with severe motor impairments.

Table 3.3: Summary of Evaluation Approach
Evaluation Dimen-
sion

Description

Quantitative Metrics Accuracy, F1-Score, Confusion Matrix, Learning Curves
Dataset Comparison Level-1 vs Level-2 Saccades
Architectural Compari-
son

CNN + LSTM vs Traditional ML (SVM, RF)

Train-Test Approach Stratified 80/20 split with subject balancing

This comprehensive evaluation strategy ensures both scientific rigor and practical
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applicability, providing a well-rounded assessment of the model’s effectiveness in

supporting real-time IoT control via EEG-based eye movement classification.



4 Result

4.1 Introduction

This chapter presents the experimental findings from a series of classification mod-

els developed and evaluated to decode eye movement patterns from EEG signals.

The overarching goal of these experiments was to assess the effectiveness of vari-

ous machine learning and deep learning approaches in recognizing directional gaze

shifts—ultimately intended to serve as control commands for simulated IoT appli-

cations. Multiple experiments were carried out using two levels of data complexity

from the Consumer-Grade EEG-Based Eye Tracking dataset: Level-1 Saccades and

Level-2 Saccades. The Level-1 Saccades dataset consists of relatively simple eye

movement patterns (left, right, up, down), while the Level-2 Saccades dataset in-

cludes more complex, real-world-like gaze shifts distributed across a screen grid,

better reflecting the practical challenges of an IoT menu control system. To begin

the evaluation, a set of baseline models including CNN-only, SVM, and Random

Forest were trained on the Level-1 Saccades dataset. Based on their performance, a

more advanced hybrid classifier (CNN + LSTM) was developed and tuned to extract

both spatial and temporal characteristics of the EEG signals. This hybrid architec-

ture demonstrated a notable improvement in performance and was subsequently

applied to the Level-2 Saccades dataset to validate its robustness in a more complex

environment. In the sections that follow, we present the quantitative performance
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metrics, including classification accuracy, precision, recall, and F1-scores, as well

as confusion matrices and visual learning curves. Comparisons are drawn between

traditional machine learning methods and the proposed hybrid deep learning model,

highlighting both the challenges and successes in translating raw EEG signals into

meaningful control actions for IoT systems.

4.2 Classification Accuracy and F1-Score

The classification performance of the models was evaluated using accuracy and F1-

score, two widely accepted metrics in EEG-based pattern recognition. Accuracy

provides a general sense of how often the model’s predictions were correct, while

F1-score offers a more balanced measure that considers both precision and recall.

Together, these metrics offer a well-rounded view of how effectively each model

captured the underlying eye movement patterns from EEG signals.

Initial experiments were conducted using the Level-1 Saccades dataset, which

contains eye movements in four directions: left, right, up, and down. When a

CNN was applied to this dataset, it achieved a classification accuracy of approxi-

mately 56.0%. The confusion matrix revealed that certain classes—such as “left” and

“up”—were often misclassified due to overlapping signal features. The macro-average

F1-score was around 0.54, indicating moderately balanced performance across all

classes. In contrast, the SVM and RF classifiers, which were trained on manu-

ally extracted features, yielded lower accuracies of 49.9% and 52.7% respectively.

These results suggest that handcrafted features alone may not be sufficient to cap-

ture the complexities of eye movement-related EEG patterns, especially when using

consumer-grade EEG devices.

To improve upon these baseline results, a hybrid ensemble classifier was intro-

duced, combining CNN feature outputs with SVM and RF decision layers. This

ensemble approach yielded a notable improvement in performance, reaching an ac-
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curacy of 64.3%. The improvement is particularly evident in the classification of

“down” movements, which achieved an F1-score of 0.76. However, performance for

“up” and “left” classes remained less consistent, with F1-scores of 0.21 and 0.47,

respectively. These differences highlight the inherent variability in EEG responses

to certain eye movements.

A more substantial improvement was observed with the introduction of the CNN

+ LSTM hybrid model, which leveraged convolutional layers to extract spatial fea-

tures and LSTM layers to model temporal dynamics. When trained on the Level-1

Saccades data, this hybrid architecture achieved an accuracy of 75.9%. Among all

models tested, this was the highest performance recorded on Level-1 data. The F1-

scores for individual classes were also considerably improved. The “down” direction

had the strongest results, with an F1-score of 0.83, indicating high reliability in

identifying downward eye movements. “Left” and “right” directions followed closely

with scores of 0.73 and 0.69, respectively. Nonetheless, the overall weighted aver-

age F1-score reached 0.73, confirming the hybrid model’s effectiveness in capturing

spatial-temporal relationships in the EEG signals.

Following the success of the CNN + LSTM approach on Level-1 data, the same

model was applied to the more complex Level-2 Saccades dataset using a 4-class IoT

command configuration. The model achieved an accuracy of 69.0%, a strong result

given the higher complexity and greater noise in the Level-2 dataset. Notably, the

“Right Control” class achieved a recall of 0.91 and an F1-score of 0.74, demonstrating

the model’s capability to consistently detect horizontal gaze shifts.

These results underscore both the potential and the limitations of using deep

learning for EEG-based eye movement recognition. While CNN + LSTM models

can achieve high performance in relatively controlled scenarios, their effectiveness

decreases when faced with more naturalistic or irregular gaze behaviors, as seen

in Level-2 Saccades. The classification gap between horizontal and vertical gaze
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directions also points to the need for more refined modeling or additional sensor

channels to improve class separability.

Across all experiments, the CNN + LSTM hybrid model consistently outper-

formed other approaches in both Level-1 and Level-2 scenarios. Its ability to ex-

tract both spatial and temporal features allowed it to surpass the limitations of

traditional classifiers and shallow networks. These findings provide a strong foun-

dation for the subsequent integration of classified EEG signals into a simulated IoT

control environment, as explored in the following sections.

4.3 Confusion Matrix Analysis

To gain deeper insights into how each model performed across different classes,

confusion matrices were generated for key experiments. These matrices not only

reveal the model’s ability to correctly classify each eye movement direction but also

highlight areas of confusion—cases where the model tends to misclassify one class

as another. This analysis is particularly important in the context of EEG-based IoT

control, where consistent misclassification of a command could lead to undesired

device operations.

The confusion matrix for the CNN model trained on Level-1 Saccades data

showed that while some directional movements were recognized with moderate ac-

curacy, others were frequently misclassified. The “down” direction had the highest

true positive rate, indicating that the model could consistently detect downward eye

movements. In contrast, “left” and “up” directions were more prone to misclassifi-

cation. The model frequently confused “up” with “right,” suggesting that these two

directions may produce overlapping EEG patterns or that the spatial features ex-

tracted were insufficiently distinct. The symmetrical structure of the confusion ma-

trix also revealed that certain misclassifications were bidirectional—what the model

mistook as “left” was often truly “up,” and vice versa. This reinforces the need
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for temporal modeling in future architectures to better capture dynamic transitions

between eye positions.

In the hybrid ensemble classifier that combined CNN with traditional classifiers

like SVM and RF, the confusion matrix improved in several areas. The “down”

class achieved a very high recall, confirming its distinctiveness in the EEG signal.

However, the “up” and “left” classes remained problematic. The ensemble approach

was able to reduce some of the misclassification frequency for “right” and “down,” but

it still showed difficulty in separating “up” from other directions. This suggests that

although combining classifiers helps in some cases, it may not fully resolve class

overlap unless supported by stronger temporal modeling or higher-quality signal

features.

The most significant improvement was observed in the confusion matrix of the

CNN + LSTM model trained on the Level-1 dataset. Figure 4.1 showed clear di-

agonal dominance, indicating that most predictions aligned with the true classes.

The “down” direction continued to perform best, with over 90% of samples correctly

identified. “Left” and “right” also showed strong improvements in both recall and

precision. However, the “up” direction still showed some degree of confusion, partic-

ularly with the “down” and “right” classes. This could be due to the relatively subtle

differences in the EEG signal when the eyes move vertically compared to horizon-

tally, especially when recorded with only four EEG channels from a consumer-grade

device. Despite this, the overall structure of the matrix confirmed that the hybrid

model was significantly more capable of distinguishing between gaze directions than

the earlier baseline methods.

The confusion matrix for the CNN + LSTM model applied to Level-2 Saccades

under a 4-class IoT command mapping revealed a more nuanced picture. Two

classes—“Left Control” and “Right Control”—had high true positive rates, with the

model correctly identifying a majority of the trials corresponding to these directions.
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Figure 4.1: Confusion Matrix for CNN–LSTM Classifier on Level-1 Saccades

These results are encouraging, as horizontal gaze shifts are often more distinguish-

able in EEG signals due to the stronger artifacts they produce. In contrast, the

“Up Control” and “Down Control” classes showed extremely low recall, with most

predictions for these directions being misclassified as either “left” or “right.” This

suggests that vertical eye movements are harder to detect accurately using the cur-

rent signal processing and classification setup. One possible reason is the limited

spatial resolution of the Muse S2 headset, which uses only four electrodes, none of

which are optimally positioned for detecting vertical ocular artifacts.

Figure 4.2 is the confusion matrix for the Level-2 Saccades data, showing that

the model identifies Right Control and Left Control more accurately than the other

directions, with strong diagonal values for both classes. In contrast, Up Control

and Down Control are rarely predicted correctly, as most of their samples are mis-

classified as one of the horizontal commands. This indicates that the model learns
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Figure 4.2: Confusion Matrix for CNN–LSTM Classifier on Level-2 Saccade

horizontal eye-movement patterns more reliably, while vertical movements remain

difficult to separate due to their greater variability in the Level-2 dataset. Despite

these challenges, the matrix still showed that even with complex stimuli, the CNN

+ LSTM model could reliably detect at least a subset of control commands, laying

the groundwork for a usable assistive interface.

Across all configurations, the confusion matrices confirmed that CNN + LSTM

outperformed all other models in classifying eye movements from EEG data. The

model was particularly strong in distinguishing horizontal movements, while vertical

directions posed more difficulty. In Level-2 Saccades, the challenge of complexity and

class imbalance became more apparent, with vertical commands such as “Up Con-

trol” often being missed. These insights suggest directions for future improvement,

such as adding additional EEG channels, exploring gaze correction preprocessing,

or experimenting with attention-based neural architectures.
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4.4 Comparative Summary

To assess the effectiveness of the proposed approach, its performance was directly

compared with results reported in a closely related paper. The study by Tobias

Treider Moe (2021) [19] explored eye movement classification using EEG data. Their

work reported an average accuracy ranging between 61% and 66% for multi-class

eye movement classification using the EEGNet model.

In contrast, this thesis applied a hybrid CNN + LSTM architecture that was

capable of learning both spatial and temporal patterns from raw EEG signals. When

tested on the Level-1 Saccades dataset, this model achieved an accuracy of 75.9%,

significantly outperforming the EEGNet approach. Similarly, the Level-2 Saccades

dataset, which presented more complex eye movement patterns, yielded an accuracy

of 69.0% under a 4-class configuration using the same hybrid model. These results

suggest that incorporating temporal modeling through LSTM layers offers a tangible

advantage over CNN-only approaches, particularly when classifying direction-based

eye movements in real-world scenarios.

These results not only highlight the performance improvement achieved in this

thesis but also demonstrate that deeper neural architectures capable of capturing

sequential information offer a significant edge over more conventional models. More-

over, the successful classification of eye movements from consumer-grade EEG de-

vices using a deep learning approach adds to the growing body of work advocating

for affordable and accessible brain-computer interface systems.

The experimental pipeline began with traditional machine learning methods—SVM

and RF—and gradually progressed to more sophisticated architectures like CNN,

Hybrid CNN-Ensemble, and finally the CNN + LSTM hybrid model. Among these,

the CNN + LSTM model consistently demonstrated the highest performance, par-

ticularly in its ability to generalize across subjects and adapt to temporal variations

in EEG signals. For instance, the CNN model achieved an accuracy of 56% on the



4.4 COMPARATIVE SUMMARY 46

Level-1 Saccades dataset, while SVM and RF trailed behind at 49.9% and 52.7%

respectively. The hybrid ensemble model offered a modest improvement, reaching

64.3% accuracy, but it was the CNN + LSTM model that significantly outperformed

all others, achieving 75.9% on the same dataset. These results clearly demonstrate

that the inclusion of temporal modeling through LSTM layers enables better capture

of the subtle dynamics involved in eye movement classification.

Another dimension of comparison lies in the datasets themselves. The Level-1

Saccades dataset, which includes basic eye movements in four directions, proved to

be a suitable entry point for model training and testing. Its relatively structured

nature allowed all models to perform reasonably well. However, when these same

models were applied to the more challenging Level-2 Saccades dataset, performance

varied significantly based on class configuration. Under the 4-class configuration in

Level-2, the CNN + LSTM model achieved an accuracy of 69.0%, which is impres-

sive given the increased complexity and variability in the stimuli. The experiments

revealed that the 4-class setup strikes a practical balance between accuracy and func-

tionality. It captures the most distinguishable directions (Left, Right, Up, Down),

which are sufficient to control essential IoT tasks like turning on a light, activating

a fan, or calling for help.

Table 4.1: Summary of Findings Across Models and Datasets
Model/Setup Dataset Accuracy Notes
CNN Level-1 Saccades 56.0% Baseline CNN, moderate

performance
SVM Level-1 Saccades 49.9% Traditional ML, lowest per-

formance
Random Forest Level-1 Saccades 52.7% Slightly better than SVM
Hybrid Ensem-
ble

Level-1 Saccades 64.3% Combination of CNN with
ML classifiers

CNN + LSTM Level-1 Saccades 75.9% Best performance on Level-
1 data

CNN + LSTM Level-2 Saccades 69.0% Strong result despite data
complexity
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Among the various architectures tested, the CNN + LSTM model consistently

delivered the highest classification performance, establishing it as the most ef-

fective approach for EEG-based eye movement recognition. Experimental results

showed that the Level-1 Saccades dataset was comparatively easier to model, yield-

ing stronger accuracies across all configurations. In contrast, the Level-2 Saccades

data, while more representative of real-world use cases and more closely aligned

with the goals of this thesis, introduced additional layers of complexity. This was

particularly evident in multi-class classification setups, where performance slightly

declined due to overlapping gaze patterns and increased task difficulty. Nonethe-

less, the 4-class configuration emerged as the most stable and reliable across both

datasets. It offered a balanced solution for translating eye movements into IoT con-

trol commands without significantly compromising accuracy, making it a practical

choice for real-time assistive applications.



5 Discussion

5.1 Overview

The aim of this research was to explore the potential of using consumer-grade EEG

signals to classify eye-movement patterns and translate them into practical control

commands for assistive technologies within an IoT environment. This approach is

particularly relevant for individuals with LIS, who remain cognitively aware but

are unable to communicate or move due to near-total paralysis [41]. Even basic

control over devices in their surroundings can meaningfully increase independence

and improve daily life.

EEG-based interpretation of user intention has long been examined in BCI re-

search, but many existing systems rely on invasive, expensive, or clinically restrictive

setups [42]. In contrast, consumer-grade devices such as the Muse S2 offer low-cost

and wearable alternatives that may expand accessibility. However, reduced signal

resolution and higher noise levels make accurate interpretation difficult, especially

when detecting subtle patterns like eye movements.

This study examined whether these limitations can be addressed through the

design of suitable windowing, labeling, and normalization procedures applied to

the already preprocessed dataset, together with the development of deep-learning

models, and whether the resulting classifications are reliable enough to support

practical assistive-technology use.
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5.2 Interpretation of Results

The results of this study provide insight into how consumer-grade EEG devices can

support reliable eye-movement classification. The steady improvements across tra-

ditional classifiers, CNN architectures, and finally the hybrid CNN+LSTM model

show how different methods capture neural patterns with varying effectiveness.

These findings highlight both the technical feasibility of decoding eye movements

from low-resolution EEG and the practical relevance of such systems for individuals

with severe motor impairments.

The CNN+LSTM model produced the strongest results, achieving 75.9% ac-

curacy on the Level-1 Saccades dataset. This demonstrates the model’s ability to

extract meaningful spatial and temporal information from signals recorded using

only four Muse S2 channels. Because EEG is highly temporal and non-stationary,

the inclusion of LSTM layers played a key role in capturing transitions and timing-

based features that simpler architectures could not.

On the more complex Level-2 Saccades dataset, the hybrid model reached 69.0%

accuracy under the 4-class configuration. This task reflects more naturalistic eye-

movement patterns and simulates real menu-navigation scenarios. Despite greater

variability and noise, the model remained stable, indicating that the approach gen-

eralizes reasonably well beyond structured laboratory-style movements.

The results also show consistent class-specific differences. Horizontal movements

(“Left” and “Right”) produced clearer patterns and higher precision than vertical

movements (“Up” and “Down”), which are typically harder to detect with frontal

and temporal electrodes, especially on consumer-grade devices [43].

Overall, the findings suggest that a 4-command IoT control system based on

EEG-classified eye movements is feasible and sufficiently reliable for simulation.

With improvements such as real-time filtering, user-specific calibration, or optimized

sensor placement, the approach could be further strengthened for assistive use
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5.3 Achievement of Objectives

The objectives of this study were centered on determining whether consumer-grade

EEG signals could be used to classify eye-movement patterns and convert those clas-

sifications into meaningful control commands for assistive applications. The findings

indicate that these aims were met to a practical and technically credible extent.

The first objective, which involved distinguishing between multiple eye-movement

directions using frontal EEG channels, was achieved through the development and

evaluation of several classification models. The hybrid CNN+LSTM approach, in

particular, demonstrated that both spatial and temporal characteristics of the sig-

nals could be captured with sufficient accuracy for four-class control.

The next objective focused on establishing a preprocessing and feature-handling

pipeline capable of isolating relevant signal components from the low-density Muse

S2 recordings. This was accomplished by applying filtering, segmentation, and struc-

tured formatting of the data, which enabled the deep-learning models to identify

consistent patterns despite higher noise levels than those typically seen in clinical

EEG systems.

A further objective was to assess whether these classified patterns could be

mapped to simple, functional control actions suitable for assistive-technology use.

This was demonstrated through the implementation of a simulated IoT environment

in which the four predicted classes were assigned to basic commands such as nav-

igating menu items or activating and deactivating devices. The system responded

reliably within the constraints of offline data processing, indicating that the classi-

fication accuracy was sufficient to support meaningful interaction.

Taken together, the results show that the core objectives of the research were

achieved. The study demonstrates that eye-movement activity recorded with a low-

cost EEG headset can be processed, classified, and translated into practical com-

mands, providing a foundation for an accessible assistive-control framework.
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5.4 Comparison with Existing Work

Comparing the outcomes of this research with existing studies in the field of EEG-

based eye movement classification provides meaningful context for evaluating its

contributions. While several past efforts have demonstrated the feasibility of de-

coding gaze direction or eye activity from EEG data, most have relied on either

clinical-grade equipment, laboratory-controlled protocols, or relatively shallow mod-

els. This thesis sought to take a more practical, user-focused approach by leveraging

a consumer-grade EEG device and evaluating performance in both simple and com-

plex gaze scenarios.

The most direct point of comparison comes from this paper [19], which employed

the EEGNet architecture for eye movement recognition. EEGNet is a compact CNN

designed specifically for EEG-based classification tasks [32]. The authors of this pa-

per [19] reported classification accuracies in the range of 61% to 66% using EEGNet,

depending on the number of classes and signal preprocessing techniques used. In

contrast, the CNN + LSTM hybrid model developed in this thesis achieved a sig-

nificantly higher performance on comparable tasks. For example, using the Level-1

Saccades dataset, which consists of clear directional eye movements under struc-

tured conditions, the hybrid model reached an accuracy of 75.9%. When tested

on the more realistic Level-2 Saccades dataset with a 4-class setup, the model still

performed strongly, achieving 69.0% accuracy. These results reflect an improvement

of approximately 8–15 percentage points over the best results reported in the ref-

erenced paper, highlighting the advantage of using models that integrate temporal

dynamics into their learning process.

One of the key limitations of EEGNet, despite its lightweight design, is that it

focuses exclusively on spatial feature extraction. This can be effective for certain

tasks like steady-state visually evoked potentials (SSVEPs) or motor imagery, but

may be less suitable for tasks involving fast, sequential events like saccadic eye
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movements. The inclusion of LSTM layers in this thesis enabled the model to track

temporal patterns, which are essential for identifying the progression of gaze shifts

over time. This aligns with findings from Craik et al. (2019) [36], who emphasized

that deep recurrent architectures often outperform shallow convolutional models on

dynamic EEG tasks.

A relevant comparison can be made with the work of Antoniou et al. (2021)

[27], who classified six eye-movement states using a 32-channel Emotiv EPOC Flex

system and a Random Forest classifier. Their approach achieved an overall accuracy

of 85.39%, but the directional classes—especially left and right—showed noticeably

lower performance, often falling to the 75–78% range because of strong overlap

between horizontal eye-movement patterns. Vertical movements were somewhat

more accurate but still prone to confusion. These findings show that even high-

density EEG systems struggle with fine-grained directional decoding. In contrast,

the present study attains comparable multi-class accuracy using only four channels

from a consumer-grade Muse S2 headset and natural saccadic tasks. This demon-

strates that a lightweight CNN–LSTM model combined with low-density wearable

EEG can deliver performance on par with more complex laboratory systems, making

the approach more practical for real-world assistive and IoT-control applications.

In summary, the findings of this thesis demonstrate that with a carefully selected

model architecture and a well-designed training process, it is possible to surpass ex-

isting benchmarks for EEG-based eye movement classification using non-invasive,

wearable hardware. These improvements in both accuracy and practical implemen-

tation reflect a step forward in making brain-computer interfaces more accessible,

affordable, and functional for real-world use cases.
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Table 5.1: Summary of Key Comparisons
Study/Model Device

Type
Approach Accuracy Notes

Tobias Treider
Moe (2021)

Consumer
EEG
(raw+FFT)

EEGNet
(CNN)

61–66% Shallow CNN, no
temporal modeling

Antoniou et al.
(2021)

High-density
EEG (32+)

Random
Forest

85.39% Lab-grade setup,
6 class (eyes open
and close included)

This Thesis
(Level-1 Sac-
cades)

Consumer
EEG (Muse
S2)

CNN +
LSTM
Hybrid

75.9% Consumer focused
setup (4-class)

This Thesis
(Level-2 Sac-
cades)

Consumer
EEG (Muse
S2)

CNN +
LSTM
Hybrid

69.0% Good result on
Level-2, Consumer
focused setup (4-
class)

5.5 Implications for Assistive Technology

One of the most meaningful outcomes of this research lies not only in its technical

contributions but in its potential impact on real-life assistive technologies, particu-

larly for individuals with severe motor impairments, such as those affected by LIS.

These individuals retain full cognitive awareness but are unable to move or speak,

leaving them dependent on others for even the most basic tasks [41]. Enabling such

individuals to control their environment using only their eye movements and brain

signals could drastically enhance their independence and overall quality of life.

This thesis demonstrates that consumer-grade EEG devices, when paired with

appropriate deep learning models, can be used to reliably detect directional eye

movements. Figure 5.1 illustrates how the proposed system can be applied in a

realistic assistive-technology setting. The diagram outlines the full interaction loop,

starting with EEG collection from a user wearing a consumer-grade headset and

progressing through signal preprocessing, feature representation, and classification.

Once the system identifies an eye-movement direction—up, down, left, or right—it

is mapped to a simple four-option menu on the display. In this setup, an upward
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Figure 5.1: Practical Implementation of the Proposed EEG-Based Eye-Movement
IoT Control System (created by the author)
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movement selects the previous item, a downward movement moves to the next one,

a leftward movement activates the chosen device, and a rightward movement turns

it off. These commands can be linked to common household functions, such as

switching a light on or off, adjusting a fan, changing a bed position, or sending a

caregiver alert. After each action, visual or auditory feedback is provided so the

user knows the command was received. Together, these steps demonstrate how

EEG-based eye-movement classification can be transformed into a practical control

method for everyday assistive IoT devices.

Figure 5.1 created by the author, illustrates the end-to-end workflow of the pro-

posed EEG-based control system. The diagram shows the full process from EEG

acquisition and signal processing to eye-movement classification, menu interaction,

IoT command execution, and user feedback.

This aligns with broader efforts in ambient assisted living (AAL), where tech-

nology is embedded into the environment to support independent living for elderly

or disabled users [44]. In practical terms, the results of this study support the de-

velopment of brain-controlled user interfaces that are not only technically sound

but also viable in terms of cost, user experience, and deployment. While challenges

remain—particularly in improving vertical movement detection and reducing false

positives—the foundation laid by this research offers a clear direction for creat-

ing scalable, personalized, and intuitive assistive solutions using non-invasive EEG

technology.

5.6 Limitations

While the outcomes of this research are promising, it is equally important to rec-

ognize the limitations that emerged during the development and evaluation of the

EEG-based eye movement classification system. Acknowledging these constraints

provides clarity about the current boundaries of the model’s applicability and offers
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valuable direction for future improvements.

Although the classification model was evaluated with high-resolution, prepro-

cessed datasets and a simulated IoT interface, the system was not tested in a real-

time setting with live user inputs. In practical applications, EEG signals are subject

to real-time variability due to user fatigue, blinking, environmental noise, or motion

artifacts. These dynamic conditions may introduce a performance gap between of-

fline and real-time scenarios, something that remains to be validated through live

testing. Implementing real-time streaming, signal buffering, and latency-handling

mechanisms would be essential to move the system from simulation to practical use.

Another limitation relates to the lack of personalization and subject variability

in the experimental dataset. Although the model was trained and tested on a public

dataset designed to be cross-participant, it was not specifically evaluated for subject-

specific training or domain adaptation. In real-world applications, EEG signals vary

significantly between individuals due to skull thickness, electrode placement, brain

anatomy, and cognitive load [45]. Without implementing calibration or transfer

learning techniques, the model’s performance may vary across users, reducing its

effectiveness in personalized assistive technologies.

As discussed in the results, vertical eye movements (particularly “Up” and “Down”)

consistently showed lower classification scores than horizontal movements. This lim-

itation may result from weaker signal patterns associated with vertical ocular muscle

activity, combined with poor electrode coverage over the occipital and inferior frontal

regions, which are more sensitive to vertical motion. Prior research has also shown

that vertical saccades produce smaller electrooculographic (EOG) components than

horizontal saccades, making them harder to detect from scalp EEG alone [43].

Finally, the IoT control interface was not integrated into actual smart home

hardware. While this simulation provides a conceptual demonstration, real-world

deployment would involve challenges like wireless communication, device compatibil-
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ity, and user safety. Implementing control through platforms like MQTT, Raspberry

Pi, or Bluetooth would be a critical next step to make the system operational beyond

the virtual environment.

Despite these limitations, the system developed in this study successfully demon-

strates the viability of EEG-based eye movement classification using a non-invasive,

wearable device. It also lays the groundwork for improving model robustness, adding

real-time capability, and adapting the system for broader and more diverse popula-

tions.

5.7 Future Work

While the present study has demonstrated the feasibility of EEG-based eye move-

ment classification for simulated IoT control, several opportunities remain for im-

proving the system’s accuracy, adaptability, and real-world usability. The insights

gathered through the experiments highlight important directions that future re-

search can pursue to further enhance both the performance and practical relevance

of this technology.

One of the most critical next steps is to transition the system from offline process-

ing to real-time implementation. This involves integrating live EEG signal stream-

ing, windowed signal buffering, real-time prediction pipelines, and immediate feed-

back mechanisms. Real-time deployment will make it possible to evaluate the sys-

tem’s latency, responsiveness, and robustness under dynamic user conditions. More-

over, conducting user trials—especially with individuals from the target population

such as those with LIS would provide meaningful insights into system usability, com-

fort, and perceived effectiveness. These trials could also help fine-tune the model’s

sensitivity to fatigue, blinking, or emotional state, all of which can influence EEG

patterns [46].

Although the CNN + LSTM hybrid architecture outperformed other approaches
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in this study, further exploration into more advanced deep learning models could

yield additional improvements. For example, incorporating attention mechanisms or

Transformer-based architectures may help the model selectively focus on the most

informative portions of the EEG signal, enhancing classification precision for subtle

or overlapping gaze directions. Recent studies have shown that self-attention mech-

anisms can significantly improve temporal feature representation in EEG decoding

tasks [47] [48]. Another promising direction is multi-task learning, where the model

simultaneously learns to classify both eye direction and user state (e.g., alertness, en-

gagement), allowing for more adaptive interaction designs. In parallel, future work

could incorporate hybrid EEG–EOG setups, where additional eye-specific signals

are captured through electrodes placed around the eyes. This approach has been

shown to improve eye movement classification without significantly increasing user

discomfort or hardware cost.

A recurring challenge in EEG-based machine learning is the scarcity and variabil-

ity of training data. Future research should consider applying data augmentation

techniques, such as temporal shifting, noise injection, or frequency-domain trans-

formations, to artificially expand the training set. This can help reduce overfitting

and improve generalizability. In addition, using transfer learning techniques—where

models pretrained on one subject or task are adapted to another—may help over-

come the difficulty of inter-subject variability, a common problem in EEG-based

classification. Domain adaptation methods and subject-invariant feature learning

could allow models to work across a wide range of users without retraining from

scratch [49].

Lastly, future work should investigate the development of personalized BCI mod-

els that adapt to the unique neural signatures and gaze behaviors of each individual.

Adaptive learning frameworks that update the model in the background based on

new user data can improve performance over time. These models may incorporate
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user-specific calibration sessions or real-time feedback loops to enhance learning

while maintaining user engagement.



6 Conclusion

This thesis set out to explore whether non-invasive, consumer-grade EEG tech-

nology—when paired with deep learning algorithms—could be used to accurately

classify eye movements and control simulated IoT functions. The primary moti-

vation stemmed from the need to develop accessible, affordable, and user-friendly

assistive systems for individuals with severe physical disabilities, particularly those

suffering from LIS, who remain fully conscious but lack any voluntary muscle move-

ment except for limited ocular control [41]. To address this challenge, the research

adopted a two-fold strategy: first, to design a robust classification model capable

of interpreting raw EEG data into distinct directional gaze commands (left, right,

up, down); and second, to implement a simulated IoT control interface that trans-

lates these classified commands into functional outputs. The work emphasized the

importance of building a solution that not only performs well in theory but is also

practical enough to be considered for real-world applications.

A significant contribution of this study was the use of the CNN + LSTM hybrid

architecture, which consistently outperformed traditional machine learning meth-

ods and CNN-only models across both structured (Level-1 Saccades) and natural-

istic (Level-2 Saccades) datasets. The model achieved a peak accuracy of 75.9% on

Level-1 data and 69.0% on the more challenging Level-2 data using a 4-class config-

uration. These results validate the benefit of combining spatial feature extraction

(via convolutional layers) with temporal sequence learning (via LSTM units), espe-
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cially for interpreting the dynamic nature of EEG signals related to eye movement.

Equally important was the successful simulation of an IoT command system, where

classified gaze directions triggered basic Python functions such as turning on lights

or calling for assistance. This simulation demonstrated the feasibility of creating a

low-cost, real-time, brain-driven interface that can empower individuals with motor

disabilities to control their environment with nothing more than eye movement and

brain activity. By doing so, the research reinforces the practical value of BCI-based

assistive technologies, not just as experimental tools, but as viable solutions for

restoring autonomy and communication in marginalized populations.

Despite these successes, the study also acknowledged several limitations, includ-

ing reduced model performance in multi-class configurations, limited electrode cov-

erage of the EEG device, and the absence of real-time deployment with human

subjects. These challenges open the door to multiple avenues for future research,

such as incorporating attention-based deep learning models, expanding the dataset

with more diverse subjects, and integrating the system with actual smart home

hardware.

Ultimately, this work has shown that EEG-based eye movement recognition using

a consumer-grade device is not only technically feasible but also practically promis-

ing. It contributes to a growing body of literature that aims to bring brain-computer

interfaces out of clinical labs and into everyday life. With continued improvements

and interdisciplinary collaboration, such systems can play a transformative role in

digital accessibility, enhancing the quality of life for individuals who face the most

profound physical communication barriers.
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