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ABSTRACT
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Seizure is a neurobiological disorder affecting millions of individuals across the globe, making
accurate detection from EEG signals crucial for diagnosis and improving patient outcomes.
Compared to traditional machine learning approaches typically requiring manual feature
extraction, deep learning has advanced seizure detection by automating feature extraction.
However, most studies rely on unimodal EEG data, failing to capture the full complexity of brain
dynamics.

To address this limitation, this thesis proposes a multimodal deep learning model that
integrates both raw EEG signals, processed using LSTM networks, and spectrograms analyzed
by Convolutional Neural Networks CNNs. The outputs from these two modalities are then fused
and processed through a Transformer architecture to model cross-channel dependencies and
classify signals. To evaluate the effectiveness of the proposed model, two unimodal models: an
LSTM-Transformer model using raw EEG signals and a CNN-Transformer model using
spectrograms, were also developed as baselines.

The results showed that while the unimodal CNN-Transformer model achieved the highest
overall accuracy with 90%, highlighting the effectiveness of spectral features, the proposed model
exhibited superior class-specific performance, the highest recall for LPD (93%) and the precision
for seizure (91%). The findings indicate that combining temporal and spectral modalities can
enhance sensitivity and specificity in seizure detection. Future research could explore alternative

fusion strategies along with more diverse classes to improve the model’'s generalizability.
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1. Introduction

According to the World Health Organization (2024), Millions of people worldwide are
suffering from epilepsy, a neurological condition resulted from spontaneous and recurring
seizures. Seizures arise when a group of neurons undergo excessive, synchronized
electrical activity, potentially affecting one or multiple brain regions (Dutta et al, 2024).
These discharges can lead to a wide spectrum of symptoms, ranging from subtle lapses
in attention or brief muscle spasms to severe, prolonged convulsions (Fisher et al., 2014;
Sirven & Shafer, 2020). To record, diagnose, and monitor such brain activities,
electroencephalography (EEG) is widely used due to its ability to capture real-time
electrical signals from the brain (Halford et al., 2018). However, manual interpretation of
EEG recordings is inherently challenging. Neurologists must identify subtle and often
transient patterns that signal abnormal activity, which introduces a high degree of
subjectivity and is susceptible to human error. Moreover, inter-rater variability among
clinicians can lead to inconsistencies in diagnosis and delays in treatment initiation
(Acharya et al., 2013; Tatum et al., 2011).

To address these limitations, the integration of computational tools particularly
machine learning has emerged as a promising approach. Over the past decade, significant
efforts have been made to develop automatic seizure detection systems using
conventional machine learning algorithms, including decision trees, support vector
machines (SVMs), and ensemble models (Benjamens et al., 2020; Shoeb, 2009; Han, Liu,
& Friedman, 2024). While these methods have shown potential, their reliance on
manually crafted features and prior domain knowledge imposes several constraints. The
variability in EEG features across individuals and over time, coupled with the complexity
of feature engineering, often results in limited generalizability (Dutta et al., 2024; Sanei
& Chambers, 2013). Furthermore, EEG signals pose significant challenges for analysis
due to their nonlinear, highly dynamic, and high-dimensional characteristics. The
nonlinear nature stems from the intricate interactions among neuronal circuits, which
often render traditional statistical models insufficient for accurate representation (Stam,
2005). Another analytical challenge arises from the combination of EEG’s high temporal
resolution and its multichannel nature. While the millisecond-scale sampling captures
rapid fluctuations in brain activity (Buzsaki, 2006), the simultaneous recordings from
numerous scalp electrodes result in a high-dimensional dataset that reflects complex
spatial patterns of neural function (Makeig et al., 1995).

To overcome the analytical challenges, deep learning offers a robust and scalable
solution. Unlike traditional methods that rely on hand-crafted features, deep learning
models can automatically extract meaningful representations directly from raw data.

Specifically, Long Short-Term Memory (LSTM) networks and Convolutional Neural



Networks (CNNs) have demonstrated strong performance in EEG-based seizure detection
(Fraiwan & Alkhodari, 2020; Tian et al., 2019). CNNs are adept at capturing spatial
features in frequency-transformed representations like spectrograms, whereas LSTMs
excel at modelling the sequential dependencies inherent in raw EEG signals.

While LSTM and CNN architectures handle specific aspects of EEG complexity,
these models often focus on isolated modalities. The full characterization of EEG signals
requires capturing both short- and long-term temporal patterns, nonlinear spectral
features, and inter-channel dependencies in a unified manner. To this end, multimodal
deep learning has emerged as a promising approach by integrating complementary
information from multiple data representations, thereby offering a more holistic
understanding of brain activity. Despite these advances, the full potential of multimodal
approaches remains underexplored, leaving significant room for further investigation into
their effectiveness and broader applicability. Building on this idea, the current thesis
proposes a novel multimodal deep learning model to detect seizures from EEG signals,
tackling the limitations of single-modality approaches by leveraging both temporal and
spectral representations to capture a broader range of signal characteristics, improving
robustness, sensitivity to diverse seizure patterns, and generalizability across patients.
The key innovation lies in the integration of temporal and spectral representations,
captured respectively by LSTM and CNN modules, and Transformer to address cross-
channel dependencies. Unlike conventional models that treat these modalities
independently, the proposed method employs a fusion strategy in which the outputs of
the LSTM and CNN are concatenated and passed through a Transformer architecture,
enabling the model to capture complex dependencies across both modalities and channels.
This multimodal design complements the individual strengths of temporal and spectral
modelling by capturing a broader range of EEG characteristics.

In addition to introducing the proposed multimodal architecture, this study also aims
to evaluate the performance of two hybrid baseline models: an LSTM-Transformer,
designed to capture both short-term dynamics and long-range temporal dependencies in
raw EEG signals, and a CNN-Transformer, developed to extract discriminative spectral
features from time—frequency representations (spectrograms). The research further
investigates whether integrating these modalities within a unified framework enhances
seizure detection performance compared to unimodal approaches. Accordingly, the
central research question guiding this work is: Does the combination of temporal and
spectral features, along with modelling cross-channel dependencies, improve seizure
classification accuracy?

To guide the reader through this investigation, the thesis is structured into seven
chapters. Chapter 1 introduces the research problem, objectives, and central question.

Chapter 2 provides a theoretical overview of seizures and abnormal brain activity,



including key clinical concepts such as Lateralized Periodic Discharges. Chapter 3
introduces deep learning models relevant to this work, including LSTM, CNN, and
Transformer architectures, and outlines the foundations of multimodal learning. Chapter
4 reviews prior work on EEG-based seizure detection and highlights the existing research
gap. Chapter 5 describes the research methodology, covering data collection,
preprocessing, model design, and evaluation criteria. Chapter 6 presents the experimental
results, comparing the performance of unimodal and multimodal models across seizure
types. Finally, Chapter 7 discusses the findings in depth, reflects on their implications,
addresses limitations, and outlines directions for future research to improve seizure

detection and model generalization.



2. Abnormal Brain Activity in EEG

2.1. Electroencephalography (EEG)

Brainwaves are patterns of electrical activity produced by neuronal firing, indicating the
brain's functional state (Niedermeyer & da Silva, 2005). These electrical signals,
generated by ionic currents within neurons, can be detected non-invasively at the scalp
surface through voltage fluctuations (Nunez & Srinivasan, 2006).

EEG offers a non-invasive, real-time means of monitoring brainwave patterns (Sanei
& Chambers, 2007). It involves placing electrodes on the scalp to capture voltage
fluctuations resulting from ionic currents within neurons so that it can detect the brain's
electrical activity (Fisch, 2009). Figure 2.1 illustrates the international 10-20 system, the
most widely used in both clinical and research settings, providing consistent positioning
of electrodes across individuals and facilitates the interpretation and comparison of EEG
recordings. According to the figure, each electrode label corresponds to a specific brain
region: F (frontal), T (temporal), C (central), P (parietal), O (occipital), and Fp
(frontopolar). The accompanying numbers indicate lateral positioning, with odd numbers
(e.g., F3) referring to the left hemisphere, even numbers (e.g., F4) to the right hemisphere,
and 'Z' (e.g., Cz) designating midline placements. This spatial nomenclature facilitates
consistent recording and interpretation across studies and clinical applications. In addition
to EEG electrodes, an EKG (electrocardiogram) channel is often included to monitor
cardiac activity and assist in distinguishing neurological signals from physiological

artifacts.
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Figure 2.1: International 10-20 EEG Electrode Placement System (Emotiv (n.d.))

The history of EEG backs to the 19th century, with early experiments by Carlo

Matteucci, Emil Du Bois-Reymond, and Richard Caton. Caton first recorded brain



activity in 1875. Following this, Pioneers such as Hans Berger further advanced the field,
recording the first human EEG in the 1920s. Throughout the 1930s-1950s, multichannel
recordings, biological amplifiers, and studies of epileptic seizures revolutionized EEG
research. Modern EEG technology now includes long-term recordings and integration
with other neuroimaging techniques, like fMRI and MEG, for comprehensive brain
activity analysis. Modern EEGs is non-invasive long-term recordings to study brain
activity in greater depth (Priyanka A., et al, 2016).

EEG (scan of brainwaves)

Electrodes
glued to scalp

Figure 2.2: How EEG works (my.clevelandclinic.org).

Figure 2.2 illustrates the overall process of how EEG works, from signal generation
in the brain to its digital analysis. EEG captures electrical activity produced by
synchronous firing of cortical neurons, particularly from pyramidal cells. Electrodes
placed on the scalp detect these microvolt-level signals, which are then amplified and
filtered to remove noise and retain relevant frequency components. The analog signals
are converted into digital form using an analog-to-digital converter (ADC), enabling
computational analysis.

Moreover, Brainwaves are rhythmic or repetitive patterns of neural activity in the
central nervous system, typically measured in microvolts (uV), and traditionally
categorized into five principal frequency bands: delta, theta, alpha, beta, and gamma, each
associated with specific mental states and neurophysiological functions. These bands are
illustrated in Table 2.1. Hans Berger, the pioneer of EEG, first identified alpha and beta
waves in 1929, associating alpha with a relaxed wakeful state and beta with active
thinking (Berger, 1929). Later, Walter (1936) characterized delta activity, typically



observed during deep sleep. Wolter and Dovey (1944) introduced the concept of theta
waves, linked to drowsiness and meditation (McLeod et al., 1983). Gamma waves were
identified by Jasper and Andrews in 1938 as oscillations exceeding 30 Hz, reflecting
cognitive integration and high-level information processing (Jasper & Andrews, 1938).
Table 2.1 and Figure 2.3 represents wave samples with dominant frequencies belonging

to beta, alpha, theta, and delta bands and gamma waves.

Table 2.1: Characteristics of the five basic brain waves (Abhang et al, 2016)

Frequency band | Frequency Brain states
Gamma >35Hz Concentration, solving problems
Beta 12-35 Hz | Anxiety dominant, active, external attention, relaxed
Alpha 8—12 Hz Very relaxed, passive attention
Theta 4-8 Hz Deeply relaxed, inward focused
Delta 0.5-4 Hz Sleep
Gamma
Problem solving,
concentration
0.0 0.2 0.4 0.6 0.8 1.0
Beta
Busy, active mind
0.0 0.2 0.4 0.6 0.8 1.0
Alpha WM
Reflective, restful L e ¥ N - 1} _
0.0 0.2 04 0.6 0.8 1.0
Theta /\/\/\/\/\/\/\
Drowsiness - Rt i :
0.0 0:2 9:4 GI.D G:B 1.0
Delta w
Sleep, dreaming g5 0.2 04 [ 08 10

Figure 2.3: Brain wave samples by frequency band (Priyanka A. et al, 2016).

In a healthy brain, these frequency bands dynamically change based on cognitive
state, behavioural condition, and age. A relaxed adult with closed eyes will typically
exhibit dominant alpha rhythms over posterior regions, while beta waves become more
prominent during active mental tasks. Similarly, delta and theta bands are prominent
during different stages of sleep and are more prevalent in younger individuals. These

rhythmic variations are not only markers of neural state transitions but also reflect



underlying functional connectivity within cortical networks (Buzsaki & Draguhn, 2004;
Basar et al., 2001).

Crucially, trained neurologists can recognize these patterns to assess normal
developmental trajectories and identify pathological states. Altered frequency
distributions, abnormal wave morphologies, or sudden bursts of rhythmic activity can
indicate neurological disorders such as epilepsy, encephalopathies, or degenerative
conditions. The temporal and spatial organization of these waveforms enables both
qualitative and quantitative analyses of brain health.

In the context of seizure detection, which is central to this study, understanding
normal brain rhythms is essential for distinguishing between physiological patterns and
pathological discharges. Seizures are often characterized by distinct changes in
amplitude, frequency, synchronization, and wave morphology (Fisher et al., 2005;
Niedermeyer & da Silva, 2005). These deviations from baseline rhythms, including
spikes, sharp waves, and rhythmic bursts, are typically observed during epileptiform
events and form the core basis for clinical diagnosis and algorithmic detection in
automated systems (Smith, 2005; Shoeb, 2009).

Therefore, a thorough understanding of typical EEG frequency bands and their
normal variations across different physiological states lays the foundation for identifying

abnormal EEG patterns, a topic further discussed in the following section.

2.2. Seizure

Under normal physiological conditions, brain waves exhibit structured and predictable
patterns that reflect the functional and cognitive state of the brain (Niedermeyer & da
Silva, 2005; Sanei & Chambers, 2013). Changes in brain waves patterns in EEG
recordings often indicate abnormal brain activity. Such abnormalities may manifest in
various forms, including the distortion or loss of normal patterns, the emergence or
intensification of abnormal waveforms, or in some cases, the complete absence of
detectable EEG signals. These deviations suggest that the brain is not functioning within
its typical physiological range. Sharbrough et al. (1999) made an effort to categorize
abnormalities based on their waveform characteristics and clinical conditions. The first
proposed category was termed widespread intermittent slow-wave activity, typically
occuring within the delta frequency range and is often linked to generalized cerebral
dysfunction. It was followed by the second type referred to as bilateral persistent EEG
patterns. This type is linked to impaired conscious processing and reduced cortical
responsiveness. Finally, The third category was named as focal persistent EEG activity,
which is indicative of localized disturbances, often reflecting abnormalities restricted to
specific brain regions (Sharbrough, F. W., et al, 1999).

Among the most prominent manifestations of abnormal electrical brain activity is a

seizure, defined as a sudden, uncontrolled discharge of neurons that disrupts normal brain



function. This disruption can result in unpredictable changes in behavior, movement,
sensation, awareness, emotions, or consciousness (Chang & Lowenstein, 2003; Fisher et
al., 2014). When such seizures occur recurrently without an identifiable acute cause, the
condition is classified as epilepsy (ILAE, 2014). Understanding the EEG signatures of
seizure activity is therefore central to accurate diagnosis, monitoring, and treatment
planning.

Abnormal EEG patterns are commonly linked to seizure-prone states and other
neurological dysfunctions. One such pattern is burst-suppression activity, often observed
in encephalopathies, anesthesia, or during postictal states. This pattern is characterized by
high-amplitude bursts of activity alternating with periods of suppression and may become
more pronounced during hyperventilation, drowsiness, or eye closure, conditions known
to enhance cortical excitability and reveal latent epileptiform activity (Husain, 2011;
Sutter et al., 2016). Although not specific to epilepsy, the presence of burst-suppression
patterns can indicate a brain highly vulnerable to seizures.

Another important EEG abnormality is bilateral persistent rhythmic activity, such as
generalized/lateralized rhythmic delta activity or periodic discharges. These patterns are
frequently observed in patients with altered levels of consciousness and are especially
relevant in cases of non-convulsive status epilepticus (NCSE), toxic-metabolic
encephalopathies, and diffuse brain injury (Trinka et al., 2015; Hirsch et al., 2021). While
not always epileptic in origin, these patterns can mask subclinical seizures and require
careful interpretation in context.

Finally, focal persistent EEG abnormalities play a key role in the localization of
seizure onset zones, particularly in focal epilepsy. These abnormalities may involve
sustained focal slowing, asymmetry in frequency or amplitude, or the presence of
interictal epileptiform discharges (IEDs) such as spikes or sharp waves (Kane et al., 2017,
Smith, 2020).

Events recorded in EEG data are typically categorized into three temporal phases.
Ictal events occur during the seizure itself and are often marked by distinct rhythmic
discharges. Preictal events precede the seizure and may span several minutes to several
hours, offering a potential window for seizure prediction. Interictal events refer to all
other abnormal discharges occurring between seizures and often include spikes or sharp
waves not associated with overt clinical symptoms (Zurdo-Tabernero et al., 2023).

In a large-scale study involving nearly 5,000 critically ill patients, Rodriguez Ruiz et
al. (2017) investigated the relationship between EEG patterns and seizure risk. The study
found that certain rhythmic and periodic discharges were significantly associated with
increased seizure likelihood. Among these, lateralized periodic discharges (LPDs) were
most strongly linked to seizures, followed by lateralized rhythmic delta activity (LRDA)



and generalized periodic discharges (GPDs). Generalized rhythmic delta activity (GRDA)
was associated with the lowest seizure risk among the patterns studied.

Building upon this evidence, the American Clinical Neurophysiology Society
(ACNS) updated its Standardized Critical Care EEG Terminology in 2021 to include
classification of seizures based on rhythmic and periodic EEG features. According to this
framework, generalized periodic discharges (GPDs) and generalized rhythmic delta
activity (GRDA) are grouped under generalized seizure activity due to their bilateral,
synchronous distribution. In contrast, lateralized periodic discharges (LPDs) and
lateralized rhythmic delta activity (LRDA) are categorized as focal (or lateralized)
seizures, as their activity is confined to one cerebral hemisphere. This classification has
become a valuable tool in both clinical neurophysiology and automated seizure detection

systems.

2.3. Lateralized Periodic Discharges

According to ACNS in 2021, Periodic Discharges (PDs) refer to the repetitive occurrence
of waveforms that exhibit relatively uniform morphology and duration, with clearly
identifiable intervals separating each event (Hirsch et al, 2021). These waveforms,
illustrated in Figure 2.4, occur at approximately regular intervals, and the inter-discharge
interval (i.e., the time between successive discharges) is a defining feature. The term
"nearly regular intervals" is operationally defined as having a cycle length that varies by
less than 50% between successive cycles in more than 50% of the observed pairs. As can
be seen in Figure 2.5, A discharge is characterized as a waveform lasting less than 0.5
seconds, regardless of the number of phases, or a waveform equal to or exceeding 0.5
seconds in duration but containing no more than three phases. In contrast, a burst is
defined as a waveform lasting 0.5 seconds or longer and comprising at least four phases.
Both discharges and bursts are required to stand out clearly from the background EEG

activity to be classified as such.

Discharge: delta wave delta wave delta wave delta wave delta wave
1 3
delta wave /\ /\2 /\ 4 6
_w - .Y u* A A\ v‘ Vﬂ"‘ N, ‘FVV-M P
inter inter inter
discharge discharge discharge
| interval 1 interval 2 interval 3
cycle length 1 cycle length 2
Discharge: sharp sharp sharp sharp sharp sharp
sha rp wave wave wave wave wave wave wave
1 2 5

inter
discharge
interval 5 |

inter
discharge
interval 3

inter inter
discharge discharge discharge

interval 1 interval 2 interval 4
[ [ [l | (I
cycle length 1 cycle length2 |

inter

Figure 2.4: Periodic Discharges (PDs) (Hirsch et al, 2021)
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Figure 2.5: Discharge vs. Burst (Hirsch et al, 2021).

LPDs are unilateral periodic discharges consisting of sharp waves or spikes occurring
at 0.5-4 Hz, with moderate to high amplitude (50-300 pV). These discharges are
asymmetric and appear over one hemisphere, often indicating localized pathology like
stroke, infection, or tumors. LPDs tend to evolve over time, both in morphology and
frequency, and are associated with increased risk of seizures. They represent ongoing
focal cortical irritation and may correlate with clinical symptoms like altered
consciousness. Such patterns can be seen in Figure 2.6. When periodic discharges appear
on both hemispheres but with consistently higher amplitude on one side, they are termed
bilateral asymmetric. These patterns are classified as lateralized, bilateral asymmetric
discharges. For example, PDs seen bilaterally but stronger on the left are referred to as
“Left LPDs, bilateral asymmetric.” Figure 2.7 illustrates this pattern. If discharges are
observed on both sides but consistently start earlier on one hemisphere, they are known
as bilateral asynchronous. This pattern is described as lateralized, bilateral asynchronous.
For instance, bifrontal LPDs leading on the left are termed “Left LPDs, bilateral
asynchronous.” Figure 2.8 illustrates this activity with a typical interhemispheric time

lag.
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Figure 2.6: LPDs, unilateral (Hirsch et al, 2021).
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Figure 2.7: LPDs, bilateral asymmetric (Hirsch et al, 2021).
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Figure 2.8: LPDs, bilateral asynchronous (Hirsch et al, 2021).
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3. Multimodal Deep Learning Models

3.1. Modalities

A modality refers to a way of perceiving or representing natural phenomena, such as
speech, images, or vibrations. Modalities range from raw, like audio signals and EEG
signals, to abstract such as detected emotions or objects (Baltrusaitis et al., 2019).
Multimodal learning involves the integration and interpretation of multiple, diverse data
modalities that are interconnected and interact with one another to enhance understanding
and prediction (Ramachandram & Taylor, 2017).

According to Baltrusaitis et al. (2019) and Ramachandram & Taylor, (2017), three

foundational principles guide multimodal research:

e Heterogeneity: Modalities differ in structure, format, and representation. For
instance, speech and images vary significantly in how information is encoded and
processed.

e Connections: Despite their differences, modalities often share complementary
information, identifiable through statistical patterns or semantic relationships.

e Interactions: New meaning emerges when modalities are integrated, enabling

richer inference than any single modality alone.

Building upon these principles, this study proposes a multimodal approach that
combines two complementary EEG modalities: temporal features derived from raw EEG
time-series data, and spectral features extracted from their time—frequency
representations (spectrograms). This combination leverages both short- and long-term
temporal patterns and frequency-domain dynamics, which have been shown to be useful
in EEG-based classification tasks (Roy et al., 2019). To effectively process and fuse these
diverse features, this study employs a multimodal deep learning framework. Accordingly,
the following sections delve into the deep learning models used in this study, including
LSTM, CNN, and Transformer architectures.

3.2. Deep Learning Architectures

Deep learning is one of the most transformative developments in computer science,
impacting nearly all scientific domains. This section briefly traces its evolution from
foundational ideas to modern applications.

In 1957, Frank Rosenblatt introduced the perceptron, a two-layer model capable of
recognizing simple patterns (F. Rosenblatt, 1958). However, enthusiasm faded when
Minsky and Papert showed that it could not learn the XOR function (M. Minsky and S.
A. Papert, 1969). Further skepticism arose in the 1970s and 1980s with the universal

approximation theorem, which proved that a single hidden layer could approximate any
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continuous function (G. Cybenko, 1989; K. Hornik, 1991). While theoretically powerful,
such shallow models lacked efficiency and scalability.

Progress stalled for several years due to difficulties in training deep networks, which
contributed to a period known as the “Al winter,” characterized by reduced funding and
waning interest in artificial intelligence research (Werbos, 1975). The turning point
arrived with the development and widespread adoption of the backpropagation algorithm
in the 1980s. This method enabled efficient computation of gradients, allowing deep
neural networks to be trained more effectively and overcoming many previous obstacles.
Building on this breakthrough, Deep Neural Networks (DNNs), typically organized as
multilayer perceptrons, transformed machine learning by automating feature extraction
(LeCun, Bengio, & Hinton, 2015). Unlike their shallow predecessors, DNNs capture
complex, nonlinear patterns through hierarchical layers, providing more powerful and
flexible representations of data (Jordan & Mitchell, 2015).

Figure 3.1 provides an overview of a typical deep learning architecture. The model
begins with an input layer, which receives raw data such as EEG signals or their
transformed representations. This data is then passed through multiple hidden layers, each
composed of numerous interconnected neurons. These hidden layers apply nonlinear
activation functions to the incoming signals, enabling the network to learn complex,
hierarchical features that range from simple patterns in early layers to more abstract
representations in deeper layers. The depth and number of hidden layers allow the model
to progressively capture increasingly sophisticated relationships within the data. The
connections between neurons are weighted, and these weights are iteratively adjusted
during training using algorithms like backpropagation combined with an optimization
method such as gradient descent. This process minimizes the error between the predicted
and actual outputs. Finally, the transformed information reaches the output layer, which
produces predictions tailored to the task, such as classification probabilities in seizure
detection. Depending on the task, the output layer may use activation functions like
softmax for multiclass classification or sigmoid for binary outcomes.

This layered structure allows deep learning models to automatically extract relevant
features and model complex dependencies without manual feature engineering, making
them particularly effective for challenging tasks involving high-dimensional and

nonlinear data like EEG signals.
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Figure 3.1: An overview of a typical deep learning architecture (Image via IBM).

3.3. LSTM

The LSTM architecture was introduced in 1997 by Sepp Hochreiter and Jiirgen
Schmidhuber in the paper "Long Short-Term Memory." It was designed to tackle the
vanishing gradient problem, which had limited the effectiveness of traditional Recurrent
Neural Networks (RNNs) in modeling long-term dependencies in sequential data. The
key innovation in LSTM was its memory cell, which allowed the network to retain
important information over long time steps without suffering from gradient decay. The
addition of gates—Input, Forget, and Output gates—enabled the selective updating,
erasing, and reading of information from the memory cell (Hochreiter, S., &
Schmidhuber, J. 1997).

Following their introduction, LSTMs underwent several enhancements to boost
performance. A key improvement was the addition of the forget gate by Felix Gers in
2000, which enabled better control over memory retention and made LSTMs more robust
to noise (Gers, F. A., et al., 2000). Early 2000s applications in speech recognition and
handwriting generation demonstrated LSTMs’ ability to model long-term dependencies.

LSTMs gained momentum in the 2010s, particularly after a 2013 Google study led
by Alex Graves showed they outperformed traditional models in speech recognition
(Graves, A., et al., 2013). This success spurred broader adoption in machine translation
and text generation.

A breakthrough came with Sequence-to-Sequence (Seq2Seq) models in 2014, where
LSTMs were used for both encoding and decoding sequences, achieving strong results in
neural machine translation (Sutskever, L., et al., 2014). Bidirectional LSTMs (BiLSTMs),
which process data in both time directions, further improved performance in tasks like
POS tagging, named entity recognition, and speech synthesis (Graves, A. &
Schmidhuber, J., 2005).
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Beyond language, LSTMs were used in handwriting generation (Graves, A., 2013)
and in models like Show and Tell for image captioning, combining CNNs with LSTM
decoders (Vinyals, O., Toshev, A., 2015). In healthcare, LSTMs have been widely used
for time-series analysis of ECGs and patient records, offering powerful tools for
predicting clinical outcomes (Lipton, Z. C., et al., 2016). LSTMs addressed key
limitations in RNNs and enabled effective modeling of long-term dependencies across

domains from language to healthcare.
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Figure 3.2: Architecture of a LSTM unit (d21.ai/ )
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Figure 3.2 illustrates the architecture of a LSTM unit. At the core of an LSTM unit is
a cell state, which acts as the memory of the network and flows through the unit with
minor linear interactions, preserving information across time steps. The flow of
information into and out of this cell state is controlled by three key gates:

e Forget Gate: this gate plays a crucial role in regulating memory flow within the
LSTM cell. At each time step, it receives the current input vector and the previous
hidden state, which are concatenated and passed through a sigmoid activation
function. The resulting vector contains values between 0 and 1, representing the
degree to which each element of the previous cell state should be retained or
discarded. A value close to 0 indicates that the corresponding information is no

longer relevant and should be forgotten, while a value near 1 signifies that the
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information remains important for ongoing temporal reasoning. This mechanism
enables the LSTM to dynamically ignored outdated or irrelevant features,
addressing the issue of long-term dependencies in sequential data.

e Input Gate: it is responsible for incorporating new information into the memory
cell. Similar to the forget gate, it processes the concatenation of the current input
and the previous hidden state. A sigmoid layer first determines which dimensions
of the input should be updated, acting as a gatekeeper. In parallel, a tanh activation
generates a vector of candidate values representing potential additions to the cell
state. These two outputs are then combined through element-wise multiplication,
resulting in a filtered update vector that selectively injects relevant information
into the cell’s long-term memory. This dual-step process ensures that only
significant features are integrated, improving the model's ability to learn and retain
meaningful temporal patterns.

¢ Output Gate: this gate defines what part of the internal memory (cell state) should
influence the output at the current time step. It operates in two stages. First, the
current cell state is passed through a tanh activation to squash its values into a
manageable range, effectively normalizing the signal. Then, a sigmoid layer based
on the current input and previous hidden state produces a gating vector that
determines which dimensions of the transformed cell state should be exposed to
the outside. The element-wise product of these two vectors forms the new hidden
state, which serves both as output for the current time step and as an input to the
next LSTM cell. This controlled exposure allows the model to regulate

information flow across time, balancing memory retention with adaptability.

The combination of these gates enables the LSTM to selectively remember or forget
information, making it particularly effective for modeling complex temporal patterns,
such as those found in raw EEG recordings.

In this study, LSTMs are utilized to model the temporal dependencies within each
EEG channel, allowing the network to learn patterns associated with different types of

brain activity over time.

3.4. CNN

The evolution of CNN began with Yann LeCun’s 1989 work on handwritten digit
recognition using backpropagation (LeCun, Y., et al., 1989), leading to the development
of LeNet-5 in 1998, a foundational architecture for document recognition (LeCun, Y., et
al., 1998).

A major leap came with AlexNet in 2012, which revolutionized image classification
by leveraging ReLLU activations and GPU training, winning the ImageNet challenge and
popularizing deep learning (Krizhevsky, A., et al., 2012). This was followed by VGGNet
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in 2014, which emphasized depth using simple 3x3 filters, achieving high accuracy with
a deeper but straightforward architecture (Simonyan, K. & Zisserman, A., 2014).

In the same year, GoogleNet (Inception) introduced a novel module combining
multiple filter sizes, reducing parameters while maintaining performance (Szegedy, C., et
al., 2015). Then in 2015, ResNet addressed vanishing gradients via residual connections,
enabling networks with over 100 layers and setting new records in image classification
(He, K., et al., 2016).

Later advancements include EfficientNet (2019), which optimized accuracy and
efficiency through compound scaling (Tan, M. & Le, Q. V., 2019), and Vision
Transformers (ViT), which in 2020 applied self-attention mechanisms from NLP to vision
tasks, sometimes outperforming CNNs (Dosovitskiy, A., et al., 2021).

Figure 3.3 illustrates a schematic diagram of a basic CNN architecture, which is
particularly well-suited for processing structured grid-like data such as images or time—
frequency representations (e.g., spectrograms). The architecture is composed of several
key layers that sequentially transform the input into a set of increasingly abstract and
informative features for classification.

The process begins with the input layer, which typically receives a 2D input such as
an image or spectrogram, represented as a matrix of pixel or intensity values. This input
is passed to one or more convolutional layers, where small filters (or kernels) slide over
the input matrix to extract local features like edges, patterns, and textures. These filters
learn to activate on specific patterns during training, enabling the network to detect

meaningful spatial features.
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Figure 3.3: Schematic diagram of a basic CNN architecture (Rhee, 2018).

Each convolutional layer is typically followed by a nonlinear activation function,
such as the Rectified Linear Unit (ReLU), which introduces non-linearity into the model

and allows it to learn complex mappings from input to output. After the activation, a
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pooling layer (commonly max pooling) reduces the spatial dimensions of the data, which
decreases computational load and provides a degree of spatial invariance.

As the data passes through multiple convolutional and pooling layers, the network
captures increasingly abstract and high-level features. These feature maps are then
flattened and passed to one or more fully connected (dense) layers, which interpret the
learned features and produce the final output. In classification tasks, the last layer
typically uses a softmax or sigmoid activation function to output class probabilities.

This hierarchical feature learning makes CNNs highly effective in tasks involving
structured patterns and spatial correlations, such as classifying EEG spectrograms based

on seizure activity.

3.5. Transformers

The Transformer architecture, introduced by Vaswani et al. (2017) in the paper “Attention
Is All You Need”, marked a paradigm shift in deep learning models for sequential data.
Prior to this, RNNs and LSTMs dominated tasks such as language modeling and machine
translation. However, these models suffered from inherent limitations, particularly their
sequential nature, which constrained parallelization and often struggled with long-range
dependencies due to vanishing gradients. The Transformer overcame these issues by
introducing a self-attention mechanism, which allows the model to weigh the importance
of different elements in a sequence simultaneously. Each input token is projected into
query, key, and value vectors, and the attention weights are computed based on the dot
product of queries and keys, scaled and passed through a SoftMax function. Multi-head
attention, another core component, enables the model to capture multiple types of
relationships in parallel. Since Transformers do not process tokens sequentially,
positional encodings are added to the input embeddings to retain information about the
order of the sequence (Vaswani et al., 2017). This architecture significantly improved
both accuracy and training efficiency across various natural language processing (NLP)
tasks. Subsequent models such as BERT (Bidirectional Encoder Representations from
Transformers) (Devlin et al., 2019) extended the Transformer’s encoder to a bidirectional
setting, improving contextual understanding. On the generative side, models like GPT
(Generative Pre-trained Transformer) and its successors leveraged Transformer decoders
for large-scale language modeling and demonstrated strong generalization with minimal
task-specific tuning (Radford et al., 2018; Brown et al., 2020).

Beyond NLP, the Transformer was successfully adapted to computer vision through the
Vision Transformer (ViT), which treats image patches as tokens and applies the same
self-attention mechanisms used in text processing (Dosovitskiy et al., 2020). ViT’s
performance on image classification benchmarks illustrated the architecture’s flexibility
and domain-general capacity. A defining feature of the Transformer is its scalability.

Unlike RNNS, it allows for parallel computation over entire input sequences, drastically
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accelerating training on large datasets. This property has underpinned the success of
large-scale pre-trained models like GPT-3, which consists of 175 billion parameters and
demonstrates strong performance on a variety of language tasks with little or no fine-
tuning (Brown et al., 2020). The Transformer has thus become the foundation of many
state-of-the-art models across domains. Its design—centered on attention, parallelization,
and long-range dependency modeling—has not only enhanced NLP tasks but also

influenced developments in vision, audio, and multimodal learning.
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Figure 3.4: The encoder-decoder structure of the Transformer architecture (Vaswani and et al, 2017)

Figure 3.4 presents the architecture of a Transformer. The Transformer’s core
mechanism is self-attention, which allows each input element (e.g., a time step or feature
vector) to attend to all other elements in the sequence, dynamically weighting their

importance. This mechanism enables the model to focus on the most relevant parts of the
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input regardless of their position in the sequence. The architecture typically consists of

the following key components:

Input Embedding and Positional Encoding: Since Transformers lack
recurrence or convolution, they require positional encoding to inject information
about the order of elements in a sequence. These encodings are added to the input
embeddings, allowing the model to differentiate between the positions of inputs.

A commonly used positional encoding is:

' pos
PE(pos,Zi) = Ssin (m) (3 1)
pos
PEpos,2i+1) = €OS (m)

Where pos is the position, i1 is the dimension index, d.q 1S the model

dimensionality

Self-Attention Mechanism: Each token (or EEG feature vector) is transformed
into a query (Q), key (K), and value (V) using learned linear projections. The

scaled dot-product attention is then computed as:

QK™
Attention(Q,K,V) = saftmaX/ /V 3.2)
e

Where Q € R™% (queries), K € R™% (keys), V € R™% (values), dg is the
dimensionality of the keys, n is the sequence length.

The dot product of Q and K measures similarity, and the result is scaled by \/%
k

to prevent. The softmax function normalizes the attention scores, ensuring they

form a probability distribution.

Multi-Head Self-Attention: This module applies multiple attention operations in

parallel (heads), each capturing different types of dependencies between elements.
MultiHead (Q, K,V ) = Concat (head,, ..., head, )W ° (3.3)
Where each head; is computed as:
head; = Attention(QW,%, KWK, vw})
M/iQ € RdmodEIXdk
]/Vl,k € RdmodEIXdk

V[/l.v € R%model*dk

we e thVdeOdEl

Here, the inputs are projected h times, and attention is computed in parallel for

each head. The results are concatenated and linearly transformed.
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Feedforward Layers: After the attention layers, a position-wise fully connected
feedforward network is applied independently to each position in the sequence
with a ReLU activation in between. This allows the model to introduce non-

linearity and transform representations.

FFN(x) = max (0,xW; + by )W, + b, (3.4)
W, € R%moaer*dss

W2 € RdffXdkmodel

Layer Normalization and Residual Connections: Each sub-layer (attention or
feedforward) is followed by a residual connection and layer normalization, which

help with training stability and convergence.

Encoder Layer(x) = LayerNorm[x + MultiHead(x, x, x) + FFN(x) ) (3.5)
Decoder(x) = LayerNorm(x + MaskedMultiHead (x, x, x) .

+ MultiHead (x, Encoder Output, Encoder Output) + FFN(x))

Stacked Encoder or Decoder Blocks: In encoder-only models like EEG analysis,
several layers of attention and feedforward blocks are stacked. In full encoder-
decoder structures such as translation tasks, the decoder is added with masked

attention to prevent future information leakage.
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4. Related works

4.1. Overview

This section critically reviews recent studies to identify current limitations and potential
opportunities in the field. Researchers have explored various models to extract
meaningful patterns from the complex temporal and spectral characteristics of EEG data.
These approaches include both traditional machine learning algorithms and deep learning
architectures, each offering different strengths in handling signal variability, noise, and
interpretability. While notable progress has been made in improving classification
accuracy and early seizure detection, key challenges remain, particularly in terms of
model generalizability, multimodal integration, and clinical applicability. By analyzing
the methodological trends, model performances, and evaluation strategies across the
literature, this review aims to establish a foundation for identifying unresolved
challenges. Table 4.1 provides a summary of the most relevant and up-to-date studies,
outlining their objectives, employed models, and reported results. Based on this review,

the section concludes by articulating the key research gaps that motivate the present study.

4.2. Prior studies

Dutta et al. (2023) proposed a multi-head self-attention model that captures both short-
term temporal dynamics and long-distance dependencies in EEG data. The model also
uses a bidirectional LSTM (BiLSTM) to extract features and log SoftMax for
classification. Tested on the CHB-MIT dataset, it achieved an accuracy of 96.2%,
sensitivity of 96.5%, specificity of 97.04%, and Fl-score of 96.6%. This approach
enhances efficiency and generalization in detecting seizures across multi-channel EEG
recordings, offering valuable support for epilepsy diagnosis (Dutta et. al, 2024).

Xia et al. (2023) introduced a hybrid LSTM-Transformer model to predict epileptic
seizures using scalp EEG data. By applying the short-time Fourier transform (STFT) to
extract time—frequency features, the model distinguishes between the interictal and
preictal states. Combining the LSTM's strength in processing variable-length information
with the Transformer's ability to capture long-distance dependencies, the model offers
robust feature extraction. Tested on the CHB-MIT dataset, it achieved a sensitivity of
99.75%, an AUC of 99.39%, and a 0/h false prediction rate, demonstrating its
effectiveness for accurate seizure prediction (L. Xia et al., 2024).

Tsiouris et al. (2018) introduced a Long Short-Term Memory (LSTM) network for
epileptic seizure prediction using EEG signals. A thorough pre-analysis was conducted
to optimize the LSTM architecture, and a two-layer LSTM network was selected to
evaluate performance across four preictal windows (15 minutes to 2 hours). The model
utilized various features, including time-frequency domain features, cross-correlation
between EEG channels, and graph-theoretic features. Tested on the CHB-MIT dataset,
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the model predicted 185 seizures with a high sensitivity and a false prediction rate (FPR)
of 0.11-0.02 false alarms per hour (Tsiouris, K. M., 2018).

Hussein et al. (2022) proposed a novel approach for forecasting epileptic seizures
using EEG data by designing a model specifically capable of analyzing data from multiple
channels simultaneously. Instead of working with raw signals directly, they converted
EEG recordings into visual patterns known as scalograms, using the continuous wavelet
transform to capture both frequency and time information. These scalograms were broken
into smaller segments, allowing a specialized transformer model called the Multi-Channel
Vision Transformer (MViT) to extract complex features that span spatial, temporal, and
spectral domains. By applying this method to three widely used EEG datasets, the
researchers demonstrated that their model could accurately detect patterns related to
seizures, with particularly high sensitivity for both surface-level with a sensitivity of
99.80% and invasive EEG recordings between 90.28% and 91.15%. These results showed
a noticeable improvement over previous deep learning and signal-based techniques in the
same domain (Hussein et al, 2022).

Li et al. (2022) propose an EEG-based seizure prediction method using a
Transformer-guided CNN (TGCNN), combining the strengths of both CNN and
Transformer models. The method utilizes STFT to extract time-frequency features from
EEG signals. These features are processed by an alternating structure that captures both
local and global dependencies, addressing CNN's limitation in long-distance dependence
and Transformer's lack of local feature extraction. The model's final prediction is
generated through a global average pooling and fully connected layer. The TGCNN
achieved 91.5% sensitivity, a false prediction rate (FPR) of 0.145/h, and an AUC of
93.5% on the CHB-MIT database, and 82.2% sensitivity, 0.06/h FPR, and 83.5% AUC
on the Kaggle dataset (Li et al, 2022).

In their study, Kode et al. (2024) proposed a method for detecting epileptic seizures
by utilizing both Machine Learning (ML) and Deep Learning (DL) techniques on EEG
signals. The research focuses on analyzing time-series data, contrasting with other studies
that primarily transform EEG signals into images or time-frequency domain features.
Several classifiers were employed, including Extreme Gradient Boosting (XGBoost),
TabNet, Random Forest (RF), and a One-Dimensional Convolutional Neural Network
(1D-CNN). Among these, the ID-CNN outperformed the others, achieving an accuracy
0f 99% on the UCI Epileptic Seizure Recognition dataset. This approach demonstrated a
high level of accuracy, sensitivity, and precision, showcasing the efficacy of deep learning
for seizure detection in EEG signals (Kode et al. 2024).

Aluvalu et al. (2024) proposed a cognitive smart healthcare framework for seizure
prediction using a Multimodal Convolutional Neural Network (MMFCNN) integrated

with IoT-cloud technologies. The framework uses smart EEG sensors to record patient
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data and employs a deep learning model for seizure detection. The MMFCNN consists of
three blocks: feature extraction, multimodal fusion, and seizure classification. A unique
cross-attention mechanism enhances feature extraction by highlighting key information.
The model achieves a seizure detection accuracy of 99.2%, providing a robust solution
for real-time healthcare monitoring and emergency response (Aluvalu et al, 2024).

Sun et al. (2024) introduced a novel approach for continuous seizure detection using
transformer networks and long-term intracranial electroencephalogram (iIEEG) data. The
proposed model combines convolutional layers with transformers to calculate attention
across EEG channels, eliminating the need for feature engineering or signal
transformation. The model was evaluated on two datasets: SWEC-ETHZ and TJU-HH.
Results demonstrated a high event-based sensitivity of 97.5% and 98.1%, with false
detection rates (FDR) of 0.06/h and 0.22/h, respectively. The model also showed
explainability by assigning higher attention to channels near the seizure onset zone,
highlighting its potential for clinical application (Sun et al, 2024).

Qi et al. (2024) present a patient-specific seizure prediction method using an
improved vision transformer (ViT) model for EEG channel optimization. The method
focuses on extracting robust feature representations from multichannel EEG signals and
selecting the optimal set of channels for prediction, aiming to reduce the number of
channels without compromising performance. By applying time-frequency analysis and
segmenting EEG spectrograms into patches, the model, Sel-JPM-ViT, selects critical
channels for prediction. The model was tested on the Boston Children’s Hospital-MIT
EEG dataset and achieved an average classification accuracy of 93.65%, sensitivity of
94.70%, and specificity of 92.78%, while using only three to six channels instead of the
full 22 channels, showcasing a reduction in hardware complexity for wearable devices
(Qi et al, 2024).

Chiranjeevi et al. (2024) introduced a novel ensemble approach combining RNN and
Time Series Transformer (TST) for automatic detection of epileptic seizures from EEG
signals. The model processes raw EEG data, removing noise, and utilizes the TST model
to extract relevant features. In parallel, a recurrent neural network is used to train the
features and classify the EEG data. The model’s performance was tested on the CHBMIT
and Bonn datasets, achieving an accuracy of 94.31% and an F-score of 91.93%. The study
demonstrates that the proposed method can effectively classify seizures using only 18
EEG channels, improving upon existing state-of-the-art methods (Chiranjeevi et al,
2024).

Wei et al. (2019) proposed a long-term recurrent convolutional network (LRCN) to
predict epileptic seizures by converting EEG time series into 2D images for multichannel
fusion. The model uses a convolutional network to extract features and an LSTM block

to learn temporal sequences, identifying preictal segments. Tested on EEG data, the
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model achieved 93.4% accuracy, 91.88% sensitivity, and 86.13% specificity with a low
false prediction rate (0.04 FP/h). Compared to other methods, the LRCN showed 5-9%
improvement in sensitivity and specificity, making it a strong candidate for real-time
seizure prediction systems (Wei et al, 2019).

Wu et al. (2025) introduced SeizureTransformer, a time-step seizure detection model
designed for long continuous EEG recordings. Their architecture combines 1D
convolutional encoders, residual CNN stacks, and Transformer encoders followed by a
streamlined decoder that outputs per-time-step seizure probabilities. Evaluated on both
public and proprietary datasets, the model ranked first in the 2025 International Seizure
Detection Challenge, demonstrating significant improvements over prior methods in real-
time detection accuracy and latency (Wu et al., 2025)

Feng et al. (2025) developed a deep learning framework called SeizureFormer to
forecast long-term seizure risk through analysis of biomarkers recorded by responsive
neurostimulation (RNS) devices. Instead of relying on raw EEG signals, the model
utilizes structured features such as interictal epileptiform activity (IEA) and long episode
events detected by RNS systems. To interpret these biomarkers, the model applies a
convolutional-based patch embedding method followed by multi-head self-attention
layers and squeeze-and-excitation modules, enabling it to model both short-term neural
fluctuations and multi-day seizure cycles. The team validated their approach using data
from five patients across prediction windows ranging from one to fourteen days.
SeizureFormer achieved a mean ROC AUC of 79.44% and PR AUC of 76.29 %,
outperforming traditional statistical techniques and various deep learning baselines in
terms of generalizability and resilience to class imbalance (Feng et al., 2025).

Tazaki et al. (2025) proposed a domain-adversarial CNN-BiLSTM framework
tailored for inter-patient generalization in seizure detection. The CNN component is
optimized via domain adversarial training to extract patient-invariant representations,
while a BILSTM captures temporal seizure evolution patterns. Tests on EEG data from
20 patients with focal epilepsy showed significant improvements in cross-patient
performance compared to non-adversarial models, demonstrating strong robustness to
individual variability (Tazaki et al., 2025).

Agaronyan et al. (2025) utilized a graph neural network (GNN) approach on stereo
EEG (sEEQG) data to predict seizure freedom outcomes in refractory epilepsy patients.
Their architecture integrates multi-scale attention mechanisms to capture local and global
connectivity patterns, enabling identification of seizure onset zones. Evaluated on
pediatric SEEG recordings from 15 patients, the model achieved 92.4% accuracy and
identified critical regions such as the anterior cingulate, with findings correlating well

with clinical annotations (Agaronyan et al., 2025).
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Table 4.1: Summary of the reviewed studies

Study Model Key Techniques Dataset(s) Performance
) Accuracy: 96.2%,
Multi-head Log Softmax, o
Dutta et al. ) Sensitivity: 96.5%,
Attention + Temporal + Long- CHB-MIT o
(2024) _ Specificity: 97.04%,
BiLSTM range Features
Fl-score: 96.6%
) ) _ Sensitivity: 99.75%,
Xiaetal. | Hybrid LSTM- STFT, Time—
CHB-MIT AUC: 99.39%,
(2024) Transformer | Frequency Features
FPR: 0/h
Tsiouris et Time—Frequency, Sensitivity: High,
LSTM CHB-MIT
al. (2018) Graph Features FPR: 0.11-0.02/h
Multi-channel o
_ o Sensitivity: 99.80%
Hussein et Vision Scalograms, Patch 3 EEG
i (surface), 90.28—
al. (2022) Transformer Embedding datasets ] )
) 91.15% (invasive)
(MVIT)
CHB-MIT:
Sensitivity: 91.5%,
) FPR: 0.145/h,
) Transformer- STFT, Alternating
Li et al. ) CHB-MIT, AUC: 93.5%;
Guided CNN CNN +
(2022) Kaggle Kaggle:
(TGCNN) Transformer o
Sensitivity: 82.2%,
FPR: 0.06/h,
AUC: 83.5%
ucCl
Kodeetal. | ID-CNN+ML | Raw EEG, Time- Epileptic
) ) Accuracy: 99%
(2024) Ensemble Series Seizure
Dataset
Aluvalu et MMFCNN Cross-Attention,
_ ) Smart EEG Accuracy: 99.2%
al. (2024) (IoT +DL) Multimodal Fusion
Raw Long-Term SWEC- Sensitivity: 97.5—
Sun et al. Conv + ) )
1IEEG, Attention ETHZ, TJU- 98.1%,
(2024) Transformer
across Channels HH FDR: 0.06-0.22/h
Qi etal Channel Selection, Accuracy: 93.65%,
i et al.
(2024) Sel-JPM-ViT Time—Frequency BCH-MIT Sensitivity: 94.7%,
Analysis Specificity: 92.78%
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Chiranjeevi | Ensemble RNN
et al. + Time Series
(2024) Transformer

Raw EEG, Dual CHB-MIT, Accuracy: 94.31%,

Feature Extractors Bonn F-score: 91.93%

Accuracy: 93.4%,

_ 2D Image o
Weietal. | LRCN (CNN + ) Sensitivity: 91.88%,
Conversion, EEG o
(2019) LSTM) . Specificity: 86.13%,
Temporal Learning
FPR: 0.04/h
CNN + .
_ Challenge Winner,
Wuetal. | SeizureTransfo Transformer CHB-MIT + )
High accuracy,
(2025) rmer Encoder, Sequence Others
Low latency
Decoder
CNN Embedding +
Feng et al. . RNS/IEA (5 | ROC AUC: 79.44%,
SeizureFormer Transformer + )
(2025) ) patients) PR AUC: 76.29%
Squeeze—Excite
CNN + High robustness to
) ) ) 20 focal o
Tazaki et BiLSTM Inter-patient ) variability,
: o epilepsy ,
al. (2025) (Domain- Generalization ) Cross-patient
) patients )
Adversarial) improvement
Multi-scale o
Agaronyan | Graph Neural _ Pediatric
Attention, Accuracy: 92.4%,
et al. Network o sEEG (15 )
Connectivity ) Identified SOZs
(2025) (GNN) ) patients)
Mapping

4.3. Research Gap and Motivation

Despite significant advancements in seizure detection using deep learning models applied
to EEG data, several important research gaps persist that limit both the performance and
practical applicability of current approaches.

First, a considerable portion of existing studies rely on unimodal input
representations. Specifically, many models focus primarily on time—frequency
representations, such as spectrograms or wavelet transforms (i.e., the spectral domain),
while underutilizing the raw EEG signals in the time domain. This separation of
modalities means that most models fail to benefit from the unique and complementary
information that exists in both domains. Seizure-related brain activity is known to exhibit
both temporal characteristics such as sharp spikes or rhythmic discharges over time and
spectral patterns such as changes in specific frequency bands. Ignoring either domain
limits the model’s ability to detect seizures accurately and reliably across different

contexts and patient conditions.
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Second, although Transformer-based architectures have recently become popular in
biomedical signal processing, most implementations in EEG-based seizure detection do
not incorporate both temporal and spectral features in a unified model. This results in a
missed opportunity to leverage the full representational power of Transformers in
capturing inter-domain interactions that could enhance seizure recognition performance.

Third, EEG signals in clinical settings are inherently noisy and prone to various
artifacts. They also exhibit significant inter-patient variability due to physiological
differences, electrode placement, and diverse neurological conditions. The reviewd
models often struggle with these real-world imperfections, performing well in controlled
environments but failing in practical deployments. Therefore, developing models that are
robust to noise, patient variability, and signal imperfections is a critical, yet often
overlooked.

Finally, although multimodal and hybrid deep learning models, which attempt to
integrate multiple types of input features or network components, have shown
encouraging results in recent studies, this area is still relatively underexplored. Few
studies have designed architectures that explicitly learn from both time and frequency
representations in a way that enables meaningful cross-modal interactions. Furthermore,
the design of such fusion mechanisms remains an open research problem, particularly
when considering EEG’s multichannel structure and the dynamic relationships between
brain regions.

Together, these gaps highlight the need for more comprehensive, robust, and
clinically applicable models that go beyond accuracy metrics to incorporate modality
fusion, noise tolerance, generalizability, and real-world usability in EEG-based seizure

detection.
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5. Research Methodology

This chapter outlines the methodological framework adopted in this study for EEG-based
seizure detection and classification. It begins with a description of the data collection
process and the dataset used in the experiments. Following that, the preprocessing steps
applied to raw EEG signals are detailed, including filtering, segmentation, and
transformation into spectrograms.

The chapter also introduces the tools and libraries employed for model development,
followed by a comprehensive explanation of the proposed deep learning architecture. The
model integrates both temporal and spectral modalities through LSTM, CNN, and
Transformer components. Finally, the evaluation metrics used to assess model

performance are described.

5.1. Data collection

The data used in this study is sourced from a Kaggle competition (Jin et al, 2024), and is
provided under the Creative Commons Attribution-NonCommercial 4.0 International
(CC BY-NC 4.0) License. The competition was hosted by the Sunstella Foundation,
established in 2021 during the COVID-19 pandemic to support minority graduate
students in technology by helping them overcome challenges and celebrate their
achievements. Sunstella Foundation, in collaboration with Persyst, Jazz Pharmaceuticals,
and the Clinical Data Animation Center (CDAC), aims to advance research focused on
brain health. The dataset provided by these organizations has been instrumental in
facilitating the analysis of EEG signals for the detection and localization of seizures in

this research.

5.2. Dataset

The used dataset includes a total of 5,057 EEG recordings. The provided metadata allows
us to extract the original EEG segments as annotated by a panel of experienced
neurologists and clinical neurophysiologists specializing in EEG interpretation. To
determine the final labels, a majority voting scheme was applied, assigning the class with
the highest number of expert votes. Samples with tied votes between classes were
excluded to ensure uniform expert agreement and label reliability.

The central 10 seconds of each sample were selected for labeling. Given a sampling
rate of 200 Hz, this corresponds to 2,000 data points. To extract the central segment, we
define the middle of the sequence, subtract 1,000 samples, and add 1,000 samples,
ensuring that the selected window consists of the central 10 seconds (2,000 samples).

The metadata provided in the train.csv file contains key information used for model
training. The column names are the names of the individual electrode locations for EEG

leads. Each row corresponds to a 50-second EEG segment, with expert annotations
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focusing on the central 10 seconds. Table 5.1 summarizes the columns included in the

metadata.

Table 5.1: Data Dictionary for the HMS - Harmful Brain Activity Classification Kaggle Competition
Dataset (Jin et al., 2024)

Column Name Description
eeg id Unique identifier for the full EEG recording.
eeg sub id Identifier for the specific 50-second segment associated with the
labels.
ceg label offset seconds Time offset from the start of the EEG recording to the labeled
segment.
label id Unique identifier for the label set.
patient _id Identifier for the patient who provided the EEG data.
expert_consensus Final consensus label assigned by the expert annotators.
[seizure/lpd]_vote Number of expert annotators who voted for a particular class (e.g.,
seizure or LPD).

5.3. Data Pre-processing

Data preprocessing is a critical step in the development of a model as it ensures that the
input data is cleaned, structured, and transformed for optimal performance. The
preprocessing phase focuses on preparing EEG signals and corresponding spectrogram
data for input into the multimodal model. So, this section covers key aspects of data
preprocessing, including noise reduction, filtering, transformation, and data

augmentation.

5.3.1. Noise Reduction and Filtering

EEG signals are highly susceptible to noise and artifacts, originating from muscle
activity, eye movements, electrode drift, and environmental interference. Without
adequate preprocessing, these contaminants can obscure clinically relevant neural
activity, leading to reduced model performance. Therefore, effective filtering is a critical
preprocessing step to isolate brainwave activity and enhance the quality of both time-
domain and frequency-domain representations.

In this study, a bandpass filter was applied with the following parameters: a low cut-
off frequency of 0.5 Hz, a high cut-off frequency of 40 Hz, a sampling rate of 200 Hz,

and a filter order of 4. This configuration is widely used in EEG preprocessing pipelines
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due to its ability to preserve essential neural oscillations while removing irrelevant signal
components (Sanei & Chambers, 2013; Nunez & Srinivasan, 2006).

The lower bound of 0.5 Hz effectively removes slow baseline drifts and movement-
related artifacts without attenuating clinically important slow-wave activity such as delta
oscillations, which are particularly relevant in seizure detection and sleep analysis (Luck,
2014). The upper bound of 40 Hz is sufficient for eliminating high-frequency noise,
including muscle artifacts and ambient electrical interference, which are not reliably
captured by systems with a modest sampling rate of 200 Hz (Fatourechi et al., 2007). A
fourth-order filter was selected to achieve a balance between frequency selectivity and
temporal precision. Higher-order filters may introduce excessive phase distortion, while
lower-order filters may fail to sufficiently attenuate noise. This choice minimizes phase
shifts while maintaining the signal’s temporal structure, which is crucial for accurately
capturing seizure-related transients (Widmann, Schroger, & Maess, 2015).

Since the original dataset had not undergone artifact removal or noise filtering, this
step was necessary to ensure the signal quality required for reliable model training and
accurate seizure classification.

The bandpass filter is designed using the transfer function of a Butterworth filter,

presented in Equation 5.1 as follows:

H(s) = ——= (5.1)

Where f. is the cutoff frequency (either low-cut or high-cut), f is the input signal

frequency, and n is the filter order.

5.3.2. Spectrogram Transformation

To capture the frequency information of EEG signals, each segment is transformed
into a spectrogram using STFT, which provides a two-dimensional time—frequency
image-like representation of the signal. This representation is particularly valuable in
EEG analysis, as seizures are often characterized by transient, non-stationary neural
oscillations that are not easily observable in the raw time domain (Acharya et al., 2018;
Boonyakitanont et al., 2020).

The use of spectrograms allows the model to preserve the temporal evolution of
spectral content, which is crucial for identifying pathological patterns such as spike-wave
discharges, rhythmic slowing, or frequency shifts associated with ictal events. These
patterns are especially important for distinguishing different seizure types and stages.

While several alternative time—frequency transforms exist, such as the Continuous

Wavelet Transform (CWT), STFT-based spectrograms were chosen in this study due to
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their favorable balance between temporal and frequency resolution, interpretability, and
computational efficiency (Craik et al., 2019). Unlike CWT, which requires more complex
parameter tuning and is less efficient for large datasets, STFT provides a fixed time-
frequency trade-off that aligns well with the objectives of this work.

For STFT computation, we set Sampling rate, Segment length (nperseq),
and Overlap(noyerap), 200 Hz, 64 and nyeey // 2 = 32, respectively. The STFT is

computed using Equation 5.2:
N-1

X(m, k) = Z x(n)w(n — mR)e J2mkn/N (5.2)

n=0

Where X(m,k) is the STFT output at time index m and frequency index k, x(n) is the input
signal, w(n) is the window function, ~ is the FFT size, R is the hop size
(R = Nperseg — Moverlap)» J 1S the imaginary unit.

In Python, we implemented STFT using the scipy library, specifically its signal
processing submodule (scipy.signal). The scipy library is a widely used open-source
toolkit that provides efficient algorithms and functions for scientific and technical
computing, including signal processing, optimization, and statistics (Virtanen et al.,
2020).

5.3.3. Normalization and Standardization

Before feeding the data into the model, preprocessing steps such as normalization or
standardization are essential to ensure numerical stability and effective learning.
Normalization typically rescales the data to a fixed range (e.g., [0, 1]), while
standardization transforms the data to have a mean of zero and a standard deviation of
one. These transformations help prevent the model from being biased by input features
with larger absolute values and ensure that all features contribute equally during training.

For multichannel EEG time-series data, normalization or standardization is typically
performed per channel across time steps, allowing each channel to preserve its temporal
dynamics while ensuring consistent scaling. Similarly, for spectrogram inputs, these
transformations are applied per spectrogram or frequency band, depending on the network
architecture. This preprocessing step is particularly important in deep learning models,
where scale-sensitive operations such as convolution and attention can be significantly

affected by unscaled input distributions.

5.3.4. Data Splitting

This step is fundamental in machine learning tasks, used to evaluate how well a model
generalizes to unseen data. It involves splitting the dataset into separate subsets for
training and validation, ensuring that performance metrics reflect real-world applicability.

In this study, the dataset was divided into training (80%) and validation (20%) sets, a

commonly used split ratio that balances the need for sufficient training data with the
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requirement for meaningful validation. This division supports both the learning of robust
feature representations and reliable performance evaluation.

Due to the multimodal nature of the data, comprising raw EEG signals and their
corresponding spectrograms, special attention was given to maintaining pairwise
consistency during the split. Each EEG segment and its associated spectrogram were kept
together in the same subset to preserve data integrity across modalities. Moreover,
stratified sampling was applied based on the two classes to ensure a balanced class
distribution, which is essential for preventing model bias and ensuring valid comparisons.

This carefully designed preprocessing and splitting strategy ensures that the data fed
into the model supports both accurate training and fair evaluation, ultimately improving

the model’s ability to classify and localize seizure activity from EEG signals.

5.4. Tools and Libraries

This study was implemented using Python as the main programming language due to its
widespread use in machine learning and signal processing research, as well as its
extensive ecosystem of scientific libraries. Several key Python libraries were employed
to support various stages of the EEG-based deep learning pipeline, including data
handling, preprocessing, model development, hyperparameter optimization, and
visualization. The main libraries used in this thesis include PyTorch, Pandas, NumPy,
SciPy, Librosa, Optuna, Matplotlib, and Seaborn. Table 5.2 is a brief description of the

purpose and role of each library.

These tools collectively enable a comprehensive approach to processing,
transforming, and analysing EEG signals for seizure detection, integrating both time-

domain and frequency-domain information for improved classification.

Table 5.2: Software Libraries Used in This Study and Their Functional Roles

Libraries Description

PyTorch served as the core deep learning framework for building,
training, and evaluating neural network models. Its dynamic
PyTorch computation graph and modular structure make it especially suitable
for developing advanced architectures such as LSTM, CNN, and
Transformer models tailored to EEG data (Paszke et al., 2019).

Essential for data management tasks, including reading and processing
large EEG datasets stored in parquet and csv formats. It also facilitates
Pandas easy access to metadata, such as eeg_id and spectrogram_id, which are

necessary for model training.
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Used for efficient numerical computations, particularly for handling
NumPy multi-dimensional EEG data arrays and preparing them for model

input.

Plays a key role in signal processing and filtering. It includes functions
for designing filters, such as low-pass, high-pass, and band-pass filters,
SciPy which are used to remove noise and isolate meaningful frequency
bands in EEG data. These filters are crucial for preprocessing EEG

signals and reducing artifacts.

This library, along with scipy.signal, was used to transform time-
domain EEG signals into spectrograms STFT and Mel-spectrograms.
Librosa These time-frequency representations are crucial for extracting features

that capture seizure-related dynamics and are particularly well-suited

for CNN-based classification

Used for hyperparameter tuning, allowing the automation of parameter
selection for better model performance. Optuna helps optimize various
Optuna parameters, including LSTM hidden sizes, CNN kernel sizes, and

Transformer attention heads, enhancing classification results.

These libraries provide visualization capabilities for data exploration,
Matplotlib model performance evaluation, and hyperparameter optimization
and Seaborn | Tesults, helping to illustrate model accuracy across different classes and
refine model configuration.

5.5. Proposed Models

The main proposed model is designed to integrate both temporal and spectral
characteristics of brain activity by processing raw EEG signals and their corresponding
spectrogram representations through two parallel branches. Each branch is optimized to
capture complementary features from the EEG data, temporal dynamics and frequency-
domain patterns, before fusing the outputs for final classification. For comparison,
baseline models processing each modality independently are also developed and

discussed in the following.

5.5.1. LSTM-Transformer Model

The current unimodal model processes raw EEG time-series data. Each EEG sample
consists of 19 channels, with each channel representing a time-series signal sampled at
200 Hz. To capture the intra-channel temporal dynamics such as rhythmic discharges,
transient spikes, and gradual signal evolution linked to seizure onset and offset, LSTM

networks are employed.
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LSTMs are well-suited for modeling time-dependent patterns due to their gated
architecture, which helps retain relevant information over long sequences and mitigates
vanishing gradient issues common in traditional RNNs (Hochreiter & Schmidhuber,
1997). However, standard LSTMs process each channel independently and lack the
ability to model cross-channel dependencies, which are crucial in EEG analysis, as
seizures often manifest across spatially distributed regions of the brain.

To address this, a Transformer module is introduced after the LSTM layers. The
Transformer’s self-attention mechanism enables the model to capture not only long-range
temporal dependencies but also cross-channel interactions by attending to relevant
features across all channels simultaneously. This ability is particularly important in
multichannel EEG data where pathological patterns may emerge from coordinated
activity across brain regions. Thus, the combined LSTM-Transformer architecture allows
the model to leverage both local sequential information within each channel and global
interdependencies across channels, improving its capacity to recognize complex seizure
signatures.

Finally, the output from the Transformer is passed through a fully connected
classification layer that maps the extracted features to classes. The architecture of this

model is shown in Figure 5.2.
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Figure 5.1: LSTM-Transformer Model

5.5.2. CNN-Transformer Model

This unimodal model utilizes spectrogram representations of EEG signals, obtained by
applying the STFT to each EEG channel. These spectrograms provide a joint time—
frequency representation, enabling the analysis of how frequency components evolve
over time which is an essential characteristic for distinguishing various seizure types.
The resulting spectrograms are processed using a CNN, which excels at learning
spatially localized features. This allows the model to detect clinically relevant patterns
such as epileptiform spikes, bursts, and rhythmic discharges, which often manifest in the
time—frequency domain. However, CNNs are inherently limited in their receptive field
and thus struggle to capture long-range dependencies or global contextual information

within the spectrogram.
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To address this limitation, a Transformer module is integrated after the CNN layers.
Leveraging its self-attention mechanism, the Transformer enhances the model’s capacity
to model global contextual relationships within the spectral domain as well as cross-
channel interactions. This is particularly important given that seizure activity often
involves temporally extended and spatially distributed features across different EEG
channels.

Finally, the output of the Transformer is passed through a fully connected
classification layer, which maps the learned high-level representations to the target

seizure classes. The overall architecture of this model is illustrated in Figure 5.3.
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Figure 5.2: CNN-Transformer Model

5.5.3. Multimodal Fusion Model

To leverage both the temporal dynamics and spectral characteristics of EEG signals
simultaneously, this study proposes a multimodal deep learning architecture that
integrates features extracted from raw time-series data and their corresponding time—
frequency image-like representations. This dual-branch design is motivated by the fact
that seizures can manifest as both temporal patterns such as rhythmic discharges or
transient spikes and spectral shifts, including power changes in specific frequency bands.
By combining both modalities, the model aims to exploit their complementary strengths,
improving classification performance, robustness to noise, and generalizability across
seizure types.

In the temporal branch, each raw EEG segment consisting of 19 channels is processed
using LSTM layers, which are well-suited for learning sequential dependencies and
capturing intra-channel temporal dynamics. This enables the model to detect subtle
changes over time, such as pre-ictal buildup or ictal waveform evolution, that may be lost
in purely frequency-based approaches.

In parallel, the spectral branch transforms the same EEG segments into spectrograms
using STFT, yielding a joint time—frequency representation that preserves the evolving
spectral structure of brain activity. These spectrograms are then fed into a CNN, which is
adept at identifying localized spatial patterns within the frequency domain.

The feature vectors obtained from both branches are flattened and concatenated,
creating a unified embedding that encodes both temporal and spectral information. This

fusion enables the model to benefit from both fine-grained sequential features and
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spatially structured spectral features, which are often indicative of seizure onset and
propagation.

To model higher-order relationships within this joint representation, a Transformer
module is applied post-fusion. The Transformer’s self-attention mechanism allows the
model to learn global contextual dependencies, including both cross-channel relationships
and inter-modal interactions. This is particularly important for EEG-based seizure
detection, where complex patterns may span multiple channels and emerge only when
both time and frequency information are considered jointly.

Finally, the output of the Transformer is passed through a fully connected
classification layer, which maps the learned representations to one of the target seizure
categories. The complete architecture of the proposed multimodal model is illustrated in

Figure 5.4.
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Figure 5.3: Multimodal Fusion Model

5.6. Performance Evaluation Criteria

To assess the effectiveness of the models in seizure detection, multiple evaluation metrics
were considered, including Precision, Recall, F1-score, and Accuracy. These metrics
provide a comprehensive understanding of the model's classification performance,
particularly in handling imbalanced data and distinguishing between seizure and non-
seizure states.

Precision: also known as Positive Predictive Value (PPV), it measures the proportion of
correctly predicted positive cases out of all predicted positive cases. It is formally defined
in Formula 5.3. A high precision score indicates fewer false positives, which is critical in
medical applications where misclassification can have severe consequences.

TP (5.3)
TP + FP

TP (True Positives) = correctly predicted seizure instances,

Precision =

FP (False Positives) = incorrectly predicted seizure instances.

Recall (Sensitivity or True Positive Rate): this criterion measures the proportion of

actual positive cases that were correctly identified by the model, defined in Formula 5.4.

(5.4)
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A high recall score ensures that most seizure events are detected, minimizing false
negatives.
TP

TP+ FN
Where FN (False Negatives) = actual seizures that were incorrectly classified as non-

Recall =

seizures.

F1-Score: it is a composite evaluation metric that balances the trade-off between
precision and recall, especially in scenarios where class distributions are uneven. It is
computed as the harmonic mean of precision and recall, placing more emphasis on their
agreement. Unlike the arithmetic mean, the harmonic mean penalizes extreme values,
ensuring that a high F1-Score can only be achieved when both precision (low false
positives) and recall (low false negatives) are reasonably high. This makes it particularly
suitable for classification tasks involving class imbalance, where relying solely on
accuracy can be misleading. The F1-Score is formally presented in Formula 5.4.
Precision X Recall

F1-Score = 2 x Precision + Recall (5'4)

A higher Fl-score indicates better overall model performance, particularly when

precision and recall need to be balanced.

Accuracy measures the overall correctness of the model by evaluating the proportion of
correctly classified instances across all classes. While precision, recall, and F1-score are
reported separately for each class (e.g., Seizure and LPD) to reflect class-specific
performance, accuracy is a global metric that provides the overall correctness across all
predictions. It is calculated as the ratio of all correct predictions (e.g., Seizure and LPD)
to the total number of predictions. Therefore, accuracy is not defined on a per-class basis,
and only one accuracy score is reported per model. Additionally, it may not always be
reliable when dealing with imbalanced datasets, where precision and recall become more

meaningful. The formal definition of accuracy is given in Formula 5.5.

A _ TP+ TN (5 5)
CeuraCY = Tp Y TN + FP + FN

Where TP = True Positives, TN = True Negatives, FP = False Positives, FN = False

Negatives.
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6. Results

This chapter presents the study's findings, detailing the performance of the proposed
multimodal deep learning model for EEG-based seizure and LPD classification. It begins
with a description of the experimental setup. It then details the results of three
architectures: the LSTM-Transformer, which models temporal dependencies in raw EEG
signals; the CNN-Transformer, which extracts and analyses spectral features from
spectrograms; and finally, the Fusion Model, which integrates both temporal and spectral
representations to leverage the strengths of both modalities. Finally, section 4.5 provides
a comparative analysis of the three models, highlighting their respective accuracies and

overall classification performance.

6.1. Experimental Setup and Configuration

All three models were trained and validated using an 80/20 split of the dataset over 200
epochs, providing sufficient iterations for convergence and performance monitoring. A
consistent batch size of 32 was used across all experiments for both training and
validation phases to ensure stable gradient updates and efficient computation. The
AdamW optimizer was also selected for optimization. AdamW is an adaptive learning
rate optimization algorithm that specifically addresses the issue of weight decay
decoupling from the learning rate, often leading to better generalization performance than
standard Adam. Training commenced with an initial learning rate of 0.0001. To further
enhance training stability and performance, a learning rate scheduling strategy was
implemented using LambdalLR, which dynamically adjusts the learning rate throughout
the training process based on a predefined function. Furthermore, to effectively mitigate
the risk of overfitting, an early stopping criterion was employed with a patience of 15
epochs. This meant that training would cease if the validation performance did not
improve for 15 consecutive epochs, saving the model weights from the best performing

epoch.

6.2. LSTM-Transformer Model

To analyse raw EEG signals, we employed a LSTM-Transformer architecture as one of
the two processing modalities in our multimodal model. The EEG data was segmented
using a sliding window approach with a window size of 200 samples (1 second at a 200
Hz sampling rate) and a step size of 50 samples. Each segment served as a sequential
input to a LSTM network, which was configured with a hidden size of 16, operating in
unidirectional mode to align with PyTorch's batch-wise processing. This LSTM layer was
responsible for capturing the temporal dependencies in the EEG signals while

maintaining computational efficiency.
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The sequential output of the LSTM was passed to a Transformer encoder block to
model more complex temporal dependencies between channels. The Transformer was
configured with an embedding dimension of 32 (d,,.q.=32), 8 attention heads to allow
parallel attention to different representation subspaces, and a dropout rate of 0.5 to
mitigate overfitting. This setup enabled the model to enhance its temporal awareness
through self-attention mechanisms, allowing it to weigh the importance of different time

steps dynamically.
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Figure 6.1: The schematic representation of the LSTM-Transformer architecture with key parameters

Following the Transformer, the extracted features were flattened and passed through

a classification block consisting of two fully connected layers. The first linear layer
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reduced the dimension from d,,,4 =32 to dimension d,,.q.,/2 =16, followed by a GELU
(Gaussian Error Linear Unit) activation function and dropout for regularization. The final
linear layer mapped the output to the number of classes, providing the prediction scores.
This end-to-end pipeline allowed the model to learn hierarchical representations of raw
EEG data and contributed significantly to the overall performance in detecting seizure-
related patterns. Following this, the training and validation process was conducted for 200
epochs. The schematic representation of the architecture is illustrated in Figure 6.1.

Table 6.1 presents the performance metrics of the LSTM-Transformer model for
classifying two distinct classes: Class 0 (LPD) and Class 1 (Seizure). The model's
effectiveness is evaluated across several key metrics: Precision, Recall, fl-score, and
Accuracy. The model demonstrates balanced performance across both classes, achieving
an overall accuracy of 79.15%. This suggests that the model is generally effective in
correctly identifying both LPD and Seizure conditions.

For Class 0 (LPD), the model exhibits a precision of 0.7823, indicating that
approximately 78.23% of instances predicted as LPD are indeed correct. The recall for
LPD is slightly higher at 0.8056, meaning the model successfully identifies about 80.56%
of all actual LPD cases. The f1-score, which is the harmonic mean of precision and recall,
stands at 0.7937, reflecting a good balance between these two metrics for the LPD class.

In contrast, for Class 1 (Seizure), the model's precision is 0.8012, indicating that a
high proportion of its Seizure predictions are accurate. The recall for Seizure is 0.7776,
suggesting that 77.76% of all true Seizure cases are correctly identified by the model. The
fl-score for the Seizure class is 0.7892, which is very close to that of the LPD class,
highlighting consistent performance across both categories.

It can be concluded that the model shows slightly better recall for LPD (0.8056 vs.
0.7776) and slightly better precision for Seizure (0.8012 vs. 0.7823). However, the f1-
scores for both classes are remarkably similar (0.7937 for LPD and 0.7892 for Seizure),
indicating that the LSTM-Transformer model maintains a robust and balanced predictive
capability for identifying both LPD and Seizure conditions. This consistent performance
across different evaluation metrics and classes underscores the model's reliability for the

given classification task.

Table 6.1: The performance of LSTM-Transformer Model

Classes Precision Recall fl-score | Accuracy
Class 0: LPD 0.7823 0.8056 0.7937
79.15
Class 1: Seizure 0.8012 0.7776 0.7892
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Figure 6.2 and Figure 6.3 illustrates the training and validation accuracy and loss
curves, respectively. The best validation accuracy of 79.15% was achieved at epoch 33,
with a learning rate of 0.000492 at that point. The accuracy curves indicate that the model
was able to learn effectively during the early stages of training, with validation accuracy
peaking at epoch 33. After this point, further training did not result in significant
improvements, suggesting that the model had reached convergence, and prolonged
training may have led to overfitting. Similarly, the training and validation loss curves
show a sharp decrease during the initial epochs, indicating effective learning. The
validation loss reaches its minimum around epoch 33, aligning with the peak in validation
accuracy. Beyond this epoch, the validation loss plateaued while the training loss
continues to decrease, suggesting the onset of overfitting. This divergence between
training and validation loss is typical in deep learning and highlights the importance of
early stopping or regularization strategies. Overall, the results suggest that the model
successfully learned discriminative patterns from the EEG data and was able to generalize
reasonably well to unseen samples. A more in-depth interpretation of these findings will

be provided in the discussion chapter.
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Figure 6.2: Training and validation accuracy of the LSTM-Transformer Model
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Figure 6.3: Training and validation Loss of the LSTM-Transformer Model

6.3. CNN-Transformer Model

To process the spectrogram representations of EEG data, CNN-Transformer model was
developed and implemented. Figure 6.4 provides a summary of the Architecture block.
Accordingly, spectrograms, being two-dimensional time—frequency representations with
size 101x73, were treated as single-channel images (in_channels=1). The CNN block
began with two convolutional layers: the first with 32 filters, a kernel size of 8, and
padding of 3 to preserve spatial resolution, and the second with 64 filters, a kernel size of
6, and padding of 2 to extract deeper features. These convolutional operations enabled
the network to capture localized time—frequency patterns important for seizure detection.
To reduce the dimensionality and retain the most salient features, an Adaptive Average
Pooling layer (AdaptiveAvgPool2d) was applied, yielding a fixed-size output regardless
of input shape.

Subsequently, the pooled features were then flattened and projected into a latent space
with an embedding dimension of 128 (d,,,qe1=128). This process serves to compress the
spatially distributed features into a compact, fixed-length vector representation, which is
then compatible with the sequential processing requirements of the Transformer. The
chosen embedding dimension of d,,,qe=128 provides a sufficient capacity to encode
meaningful information from the pooled features. Then, this feature representation was
passed through a Transformer encoder to model global dependencies within the
spectrogram, with self-attention mechanisms allowing the model to dynamically attend
to informative frequency—time regions.

Finally, the output of the Transformer was fed into a classification block consisting
of three fully connected layers. These layers progressively reduced the dimensionality
from d,oge1 (128) to dioder/2 (64), then to dypge1/4 (32), and ultimately to the number of

target classes. Each layer was followed by non-linear activation functions (GELU) and
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dropout for regularization. This design allowed the CNN-Transformer model to learn rich
hierarchical features from spectrograms and contributed significantly to the model’s

ability to discriminate between seizure and non-seizure activity.
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Figure 6.4: Schematic Representation of the CNN-Transformer Architecture with Key Parameters
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Table 6.2 provides the performance metrics of the CNN-Transformer model for Class
0 (LPD) and Class 1 (Seizure). The model demonstrates exceptionally high and consistent
performance across both classes, achieving an outstanding overall accuracy of 90.12%.
This indicates a robust ability to correctly classify both LPD and Seizure with high
confidence. For Class 0 (LPD), the model exhibits a precision of 0.9089, meaning that
approximately 90.89% of instances predicted as LPD are genuinely LPD. The recall for
LPD is also very high at 0.8909, indicating that the model successfully identifies about
89.09% of all actual LPD cases. The fl-score for LPD is 0.8998, reflecting an excellent
balance between precision and recall, signifying a highly effective classification for this
class. Similarly, for Class 1 (Seizure), the model's precision stands at 0.8938,
demonstrating that a very high proportion of its Seizure predictions are accurate. The
recall for Seizure is notably high at 0.9114, suggesting that the model is adept at
identifying nearly 91.14% of all true Seizure cases. The fl-score for the Seizure class is
0.9025, further emphasizing the model's strong and well-balanced performance in
detecting Seizures. When comparing the performance between the two classes, the CNN-
Transformer model shows a slight advantage in precision for LPD (0.9089 vs. 0.8938)
and a marginal lead in recall for Seizure (0.9114 vs. 0.8909). However, the f1-scores for
both classes are remarkably close and exceptionally high (0.8998 for LPD and 0.9025 for
Seizure). This near-perfect balance, coupled with the high overall accuracy, highlights
the CNN-Transformer model's superior and reliable performance across both diagnostic

categories, making it a highly promising tool for the classification of LPD and Seizure.

Table 6.2: The performance of CNN-Transformer model

Classes Precision Recall fl-score | Accuracy
Class 0: LPD 0.9089 0.8909 0.8998
90.12
Class 1: Seizure 0.8938 09114 0.9025

The training and validation curves are presented in Figures 6.5 and 6.6. it can be seen
that the model exhibited consistent improvement during the initial training phase, with a
notable rise in validation accuracy up to epoch 44, at which point it achieved its highest
validation accuracy of 90.12%. The corresponding learning rate at this stage was 0.00047,
indicating that the model had effectively converged. Beyond this point, the performance
began to fluctuate, suggesting that the model had reached its optimal capacity and further

training did not lead to meaningful improvements.
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Figure 6.6: Training and validation accuracy of the CNN-Transformer Model

6.4. Fusion Model

To effectively capture both spectral and temporal characteristics of EEG signals, a Fusion
Model was developed, integrating a CNN for spectrogram-based feature extraction and a
LSTM for raw EEG signal processing. Figure 6.7 represents an overview of the
architecture.

Table 6.3 provides a detailed breakdown of the architectural components used in the
proposed fusion model, which integrates both temporal and spectral EEG information
through a hybrid design involving CNN, LSTM, and Transformer blocks. The CNN block
consists of two convolutional layers: the first layer applies 64 filters with a kernel size of

7 and padding of 3, followed by a second layer with 96 filters and a smaller kernel size
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of 5 with padding of 2. These layers are designed to extract localized spatial-frequency
features from spectrogram representations of EEG signals. An adaptive average pooling
layer is applied to reduce dimensionality while preserving the most informative
activations. The LSTM block processes raw EEG time-series segments with an input size
0t 200 (corresponding to the windowed segment length). It utilizes a unidirectional LSTM
with a hidden size of 32 to maintain compatibility with batch-based training. This
recurrent component captures the temporal dynamics of EEG signals across time. The
outputs from both the CNN and LSTM branches are fused and passed into a Transformer
block to model complex cross-modal and cross-channel dependencies. The Transformer
uses an embedding dimension of 128, 8 attention heads, and a dropout rate of 0.5 to
enhance regularization and prevent overfitting. Finally, the classifier head consists of two
linear layers. The first maps the Transformer output to a lower-dimensional space using
a GELU activation and dropout for non-linearity and regularization. The second linear
layer maps the reduced representation to the number of target classes for final prediction.

This architecture is designed to leverage the strengths of each component (CNN for
spatial-frequency feature extraction, LSTM for temporal sequence modeling, and
Transformer for capturing global contextual dependencies), thereby improving the

model’s overall capacity for seizure and LPD classification from EEG data.

Table 6.3: Summary of Fusion Model Architecture Components

Component Layer / Parameter Details
Conv Layer 1 64 filters, kernel size = 7, padding = 3
CNN Block Conv Layer 2 96 filters, kernel size = 5, padding = 2
Pooling Adaptive Average Pooling
Input size 200 (windowed EEG segment)
Hidden size 32
LSTM Block
Batch first True
Bidirectional False (unidirectional)
Embedding dimension d,,4e 128
Transformer
Attention heads 8
Dropout rate 0.5
Layer 1 Linear (d0del> @model/2)— GELU — Dropout
Classifier
Layer 2 Linear (dy04¢1/2, num_classes)
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Figure 6.7: Schematic Representation of the Fusion Architecture with Key Parameters

Table 6.4 presents the performance metrics of the Fusion Model. The Model achieves
an overall accuracy of 82.51%, indicating a generally strong capability in correctly
classifying both LPD and Seizure conditions. For Class 0 (LPD), the Fusion Model
demonstrates a precision of 0.7676, meaning that approximately 76.76% of instances
predicted as LPD are accurate. Notably, the recall for LPD is exceptionally high at 0.9306,
indicating that the model successfully identifies about 93.06% of all actual LPD cases.
This suggests that the Fusion Model is particularly adept at minimizing false negatives
for LPD. The fl-score for LPD is 0.8413, reflecting a good balance, albeit with a clear
emphasis on recall. On the other hand, for Class 1 (Seizure), the model exhibits a very
high precision of 0.9127, signifying that a large majority of its Seizure predictions are

accurate. However, the recall for Seizure is considerably lower at 0.7205, meaning that
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only about 72.05% of all true Seizure cases are correctly identified by the model. This
indicates a higher rate of false negatives for the Seizure class compared to LPD. The f1-
score for the Seizure class is 0.8053, which is lower than that of the LPD class, largely
due to the lower recall. In general, the Fusion Model shows a distinct imbalance in its
performance characteristics. It prioritizes recall for LPD, effectively capturing a high
proportion of LPD cases, even at the cost of some precision. Conversely, for Seizure, it
prioritizes precision, making very accurate predictions when it does identify a Seizure,
but missing a notable portion of actual Seizure cases. This characteristic suggests that
while the Fusion Model is effective overall, its optimization appears to be skewed towards
minimizing missed LPD diagnoses, potentially at the expense of recall for Seizure. The

varying fl-scores between the classes further underscore these differences in performance

emphasis.
Table 6.4: The performance of Fusion Model
Classes Precision Recall fl-score | Accuracy
Class 0: LPD 0.7676 0.9306 0.8413
82.51
Class 1: Seizure 0.9127 0.7205 0.8053

Figures 6.8 and 6.9 illustrate the training and validation accuracy and loss curves,
respectively, recorded throughout the 200 training epochs. The model achieved its highest
validation accuracy of 82.51% at epoch 12, with a corresponding learning rate of
0.000499. The learning curves indicate that the model converged early, with rapid
improvement in performance within the first 15 epochs. After reaching peak validation
accuracy at epoch 12, further training resulted in a gradual decline in validation
performance, while training accuracy continued to increase. This divergence between
training and validation trends suggests the onset of overfitting. Similarly, the validation
loss reaches its minimum around epoch 12 and begins to rise thereafter, confirming that

the model had learned the most generalizable features by that point.
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Figure 6.9: Training and validation Accuracy of the Fusion Model

6.5. Results Summary of Models

The performance of the three models, LSTM-Transformer, CNN-Transformer, and the
Fusion Model, was evaluated based on their classification accuracy. The results are
summarized in the Table 6.5.

According to the table, the CNN- Transformer model achieved the best performance
with an accuracy of 90.12%, indicating that spectrogram-based representations, when
processed with a convolutional network and Transformer, provide highly discriminative
features for classification. The superior performance of CNN-Transformer suggests that
frequency-domain features extracted from EEG spectrograms are more informative for

seizure classification compared to raw time-domain EEG signals. The LSTM-
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Transformer model obtained the lowest accuracy of 79.15%, highlighting the limitations
of using only raw EEG signals in a sequential learning framework. While LSTM can
capture temporal dependencies, EEG signals are inherently non-stationary and complex,
making it challenging to extract robust patterns solely from the raw time series.
Additionally, LSTM lacks the spatial feature extraction capability of CNN, which may

explain its lower performance compared to CNN- Transformer.

Table 6.5: The performances of the models

Models Accuracy Recall Precision F1-score
LSTM-Transformer 79.15 0.7916 0.7918 0.7915
CNN-Transformer 90.12 0.9012 0.9014 0.9012

Fusion 85.51 0.8256 0.8402 0.8233

The Fusion Model, which combines CNN and LSTM features using Transformer,
achieved an accuracy of 85.51%, outperforming LSTM-Transformer but falling short of
CNN-Transformer. This result indicates that although integrating both spectrogram-based
and raw EEG-based features provides additional information, the fusion approach did not
surpass the CNN-Transformer model. One possible reason could be that the spectrogram
features dominate the classification task, and adding raw EEG features may introduce

redundant or less discriminative information.
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7. Discussion

7.1. Overview

This chapter provides an in-depth discussion of the findings, their implications, the
limitations of the study, and directions for future research. The primary focus of this
research was to detect seizure from EEG signals using a multimodal deep learning
approach that integrates LSTM for temporal feature extraction, CNN for spectrogram
analysis, and Transformers for channels interdependency. The results have demonstrated
the feasibility of using such an approach for classification of seizures and LPD. The study
also developed two more deep learning architectures, including LSTM-Transformer,
CNN-Transformer, and then compared their result with the proposed multimodal fusion

model to find out which has better performance.

7.2. Conclusions

The models are compared based on accuracy, precision, recall, and F1-score. In addition,
a broader comparison is made with findings from recent studies in the literature to
contextualize the results and highlight the potential contributions and limitations of the
current work. This comparative perspective not only underscores the strengths of the
proposed architectures but also reveals important directions for future improvement in

multimodal EEG classification systems.

Table 7.1: Comparative analysis of performance metrics across models

Model Class Precision | Recall F1-Score | Accuracy (%)

LPD 0.78 0.81 0.79

LSTM-Transformer 79.15
Seizure 0.80 0.78 0.79
LPD 0.91 0.89 0.90

CNN-Transformer 90.12
Seizure 0.89 091 0.90
LPD 0.77 0.93 0.84

Fusion Model 82.51
Seizure 091 0.72 0.81

Table 7.1 presents a summary of the classification results, highlighting the superior
performance of the CNN-Transformer architecture. This model achieved the highest
accuracy of 90.12%, with F1-scores of 0.90 for LPD and 0.90 for Seizure detection. Its
higher precision and recall metrics across both classes indicate that integrating spatial-
frequency features (via CNN) with temporal modeling (Transformer) results in a more
discriminative representation of EEG patterns. This strongly supports the hypothesis that

frequency-domain representations, when coupled with convolutional and attention
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mechanisms, provide highly discriminative features for seizure classification.
Spectrograms encapsulate both temporal and spectral properties of EEG signals, and
CNNs are particularly well-suited for extracting localized patterns within these two-
dimensional representations. When enhanced by Transformers which capture long-range
dependencies and contextual relationships, the result is robust.

In contrast, The LSTM-Transformer model achieved a balanced performance across
both classes (LPD and Seizure), with an overall accuracy of 79.15%, fl-scores of 0.79
(LPD) and 0.79 (Seizure), and strong precision-recall trade-offs. This demonstrates that
the architecture is capable of effectively capturing temporal dependencies in EEG data,
particularly useful in distinguishing subtle differences between seizure-like and periodic
discharges. However, it attained a lower accuracy compared to CNN-Transformer model.
This discrepancy reveals key limitations of time-domain modeling alone, especially in
the presence of the non-stationary and high-noise characteristics of EEG signals.
Although LSTMs can learn sequential dependencies, their expressiveness in extracting
localized spectral features is inherently limited. This aligns with prior studies (e.g.,
Albagami et al., 2023) which also found LSTM models to be effective but not optimal
when used in isolation for EEG classification.

Moreover, The Fusion Model offered an intermediate performance of 82.51% with
fl-scores of 0.84 LPD and 0.81 for Seizure, outperforming the LSTM-Transformer but
falling short of the CNN-Transformer. This suggests that while multimodal fusion adds
complementary information, the selection of modality weights and fusion techniques
significantly impacts performance. The performance gain is not automatic and heavily
depends on how the features from different modalities are integrated. A simple fusion
strategy, such as feature concatenation, may not adequately balance the contributions of
each modality, especially when one (such as CNN-derived frequency features) is more
informative. Moreover, without an adaptive weighting or attention mechanism to
emphasize the most relevant features from each domain, the added complexity may
introduce noise or redundancy, thereby limiting the potential performance gains. These
findings highlight the importance of carefully designed fusion architectures and
weighting strategies in multimodal EEG classification tasks.

While the CNN-Transformer model achieved the highest overall, it is important to
look beyond accuracy and consider the balance between precision and recall for each
class, as these metrics provide deeper insight into the model’s clinical applicability and
robustness.

LPD Class: The Fusion Model demonstrates a notably higher recall for LPD at 0.93,
surpassing both the CNN-Transformer (0.89) and the LSTM-Transformer (0.81) models.
This suggests that the Fusion Model is more effective in correctly identifying true LPD

cases, which is critical in clinical settings where missing such events could have serious
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consequences. Although its precision for LPD (0.77) is slightly lower than CNN-
Transformer’s (0.91), the increased recall indicates that the Fusion Model minimizes false
negatives more aggressively, potentially leading to better patient safety by reducing
missed LPD diagnoses.

Seizure Class: Conversely, the Fusion Model exhibits the highest precision for
Seizure classification at 0.91, exceeding both CNN-Transformer (0.89) and LSTM-
Transformer (0.80). This indicates that when the Fusion Model predicts a Seizure event,
it is more likely to be correct, which is essential for avoiding false alarms and unnecessary
interventions. However, the recall for Seizure in the Fusion Model is lower (0.72)
compared to CNN-Transformer’s 0.91, reflecting a trade-off where the model prioritizes
precision over sensitivity for seizures.

F1-Score and Accuracy: Despite these class-specific advantages, the Fusion
Model’s overall accuracy is 82.51%, which is less than CNN-Transformer’s 90.12%. This
can be attributed to the imbalanced trade-offs between precision and recall in different
classes. The Fusion Model achieves a higher f1-score for LPD (0.84) compared to LSTM-
Transformer but lower than CNN-Transformer’s (0.90), reflecting its moderate balance
between precision and recall for this class. For Seizure, the Fusion Model’s fl-score
(0.81) is lower than CNN-Transformer’s (0.90), again highlighting the trade-off in recall.

The Fusion Model’s superior recall for LPD and superior precision for Seizure
illustrate its specialized strengths in clinical seizure detection. It is more sensitive in
detecting LPD cases (fewer missed diagnoses) and more confident when flagging Seizure
events (fewer false alarms). This suggests that combining temporal (LSTM) and spectral
(CNN) features through the fusion architecture may enable the model to leverage
complementary information, improving detection robustness for specific classes even if
the overall accuracy is not the highest.

In practical terms, the Fusion Model might be preferable in scenarios where
minimizing missed LPD detections and reducing false seizure alarms are prioritized,
despite a slightly lower overall accuracy. This nuanced performance profile highlights the
importance of multi-metric evaluation and the potential clinical relevance of the fusion
approach.

Building upon the evaluation of the proposed models, it is also important to
contextualize these findings by comparing them with results reported in prior studies.
Although the majority of existing works have reported their performance on the same
dataset using Kullback—Leibler (KL) divergence, rather than the classification metrics
employed in this study, a meaningful comparison of approaches can still be established.
This allows for an approximate assessment of the relative effectiveness of the proposed
models, particularly in terms of seizure detection accuracy and robustness across different

classes
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The results of the current model are consistent with prior studies that highlight the
effectiveness of deep learning approaches in EEG signal classification (Saadoon et al,
2023). For instance, Singh & Lobiyal (2025) used a CNN-LSTM hybrid with STFT input
and achieved 94.5% accuracy and F1-score of 0.9376. Their model, however, does not
incorporate raw EEG data. Similarly, Qi et al. (2025) employed a hybrid 3D+2D CNN on
spectral depth maps and achieved 98.43% accuracy with 98.58% sensitivity, showing the
effectiveness of advanced spectral representations, but again without temporal-spectral
fusion.

Moreover, Wei et al. (2025) used 3D-CNNs directly on raw EEG and reported >90%
accuracy, while Yang et al. (2025) incorporated attention mechanisms in a CNN-LSTM
framework to reach 92.07% accuracy, illustrating that time-domain modeling remains
powerful. However, these methods often lack spectral context or cross-modal synergy. In
contrast, the Fusion model in this study uniquely captures both modalities, showing clear
gains in class-specific precision and recall metrics.

It’s also worth noting that Zhu et al. (2025) combined Transformer and GRU models
to model spectral dynamics and achieved a 98.24% sensitivity, underscoring the growing
popularity of Transformer-based models. However, few studies have attempted the
multimodal integration of both time and frequency features in a unified neural
architecture, as proposed here.

some earlier works reported high accuracy (e.g., Ramos-Aguilar et al. with 100%
accuracy using MLP on spectrograms), but they often lack transparency in how
performance is measured across classes and do not generalize well to real-world datasets
like CHB-MIT. Additionally, models such as those in Liu et al. (2025) and Assali et al.
(2025) focus on boosting sensitivity without detailing class-specific trade-offs—Ilimiting
their clinical reliability.

The insights derived from the current study, in conjunction with findings from
previous research, confirm that both time- and frequency-domain features contribute
significantly to the performance of EEG-based classification models. This evidence
supports the conclusion that a multimodal fusion approach holds substantial potential for
improving both the specificity and robustness of EEG-based classification models. The
results suggest that when a well-designed and properly implemented fusion strategy is
employed, the complementary strengths of temporal dynamics and spectral characteristics
can be leveraged to achieve more accurate and reliable detection of abnormal brain
activity, outperforming approaches that rely solely on a single data modality.

Despite the promising results achieved in this study, several critical limitations and
ongoing challenges must be acknowledged, particularly concerning generalizability, data

complexity, computational resources, and interpretability.
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7.3. Limitations and Challenges

Despite the promising results achieved in this study, several critical limitations and
ongoing challenges must be acknowledged, particularly concerning generalizability, data
complexity, computational resources, and interpretability.

One of the primary challenges encountered in this thesis was the computational
intensity of processing and training multimodal EEG data, particularly when applying
deep architectures such as LSTMs and Transformers. Although Optuna was used to
systematically tune key hyperparameters, the large memory footprint and long training
times associated with larger LSTM hidden sizes posed a significant constraint. In
particular, the combination of high-dimensional EEG data and long sequence lengths
made some configurations computationally infeasible within the resource and time limits
of the university's high-performance computing (HPC) cluster. As a result, the
hyperparameter search space had to be narrowed, and the final models were trained with
a limited range of configurations. While these trade-offs were necessary to ensure feasible
experimentation, they may have limited the potential for achieving even higher
performance. Future work could explore larger-scale hyperparameter searches and more
complex architectures if sufficient computational resources become available.

Additionally, although the original dataset included six seizure classes, this study
focused on binary classification, which was not only computationally more feasible but
also aligned with the primary objective of the study to investigate whether integrating
temporal and spectral information through a multimodal deep learning architecture
improves seizure classification performance. The decision was motivated by the high-
dimensional nature of the multimodal input, consisting of 2,000 time steps per channel
across 19 EEG channels, along with their corresponding spectrograms. This complexity
made multi-class training prohibitively resource-intensive within the limits of the
available computing infrastructure.

Another major challenge encountered during this study was the computational
intensity of generating time—frequency representations for the multimodal deep learning
architecture. In the early stages of experimentation, CWT was considered as an alternative
to STFT due to its ability to provide rich, adaptive time—frequency analysis with better
resolution at lower frequencies. However, applying CWT across the entire dataset,
especially in combination with high-dimensional EEG data and deep neural networks,
proved to be computationally prohibitive. The processing time, memory consumption,
and storage requirements of CWT significantly exceeded available resources, making
large-scale model training infeasible. As a result, the study opted for STFT, which offers
a computationally efficient and interpretable method for spectrogram generation while
still capturing essential spectral dynamics relevant to seizure activity. Although CWT

may offer superior frequency localization, STFT provided a practical balance between
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signal resolution and resource efficiency, aligning well with the study's focus on
evaluating multimodal integration under real-world constraints.

Generalizability across patient cohorts also remains a major unresolved issue in EEG-
based deep learning since EEG signals are highly individualistic, and model performance
often deteriorates when applied across patients with differing brain morphologies,
underlying pathologies, or acquisition protocols. This raises concerns about the external
validity of the model and its applicability in real-world clinical settings.

Another notable challenge concerns the feature fusion strategy employed. In this
study, a straightforward concatenation of LSTM and CNN outputs was used before
feeding the features into Transformer layers. While this approach establishes a useful
baseline, it implicitly assumes equal importance for both time-domain and frequency-
domain modalities.

Finally, interpretability remains a substantial barrier to clinical translation. CNN and
Transformer layers, especially when operating on spectrogram inputs, act as black-box
systems, offering limited insight into the decision-making process.

In summary, while this study contributes meaningfully to the field of seizure detection
through multimodal modeling, it also highlights key areas requiring further investigation.
Improving generalization, optimizing computational efficiency, adopting more advanced
fusion strategies, and enhancing model interpretability are all essential next steps for
translating deep learning models from experimental settings into clinically viable

solutions.

7.4. Future Work

Given the promising yet limited scope of this study, several avenues for future research
remain open. One important direction is to expand the classification task beyond binary
categories to include all six clinically relevant classes, such as Generalized Periodic
Discharges (GPD), Lateralized Periodic Discharges (LPD), Lateralized Rhythmic Delta
Activity (LRDA), and Generalized Rhythmic Delta Activity (GRDA), among others.
Doing so would significantly enhance the clinical relevance and diagnostic utility of the
model.

In addition to task expansion, adopting more advanced temporal modelling
techniques could further enhance model performance. While LSTMs were chosen for in
this study, future work could explore more expressive architectures, such as GRU or
Temporal Convolutional Networks (TCNs), which are better suited to capture long-range
temporal dependencies in EEG data without incurring excessive computational costs.

Future work could also explore the use of CWT for time—frequency representation.
Although it provides richer spectral resolution than STFT, it was excluded in this study

due to its high computational cost. With more advanced hardware or optimized
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implementations, CWT could improve the model’s ability to detect subtle seizure
patterns.

Furthermore, the current results highlight the importance of effective multimodal
fusion strategies. Future efforts should focus on developing more sophisticated fusion
mechanisms, such as modality-specific attention layers or cross-modal transformers, that
dynamically adjust the importance of temporal and spectral features based on context.
This could lead to more adaptive and accurate models.

Finally, to ensure generalizability and reproducibility, future research must prioritize
evaluation on external datasets collected across multiple institutions. Addressing
heterogeneity in EEG acquisition protocols, including differences in sampling rates,
electrode placements, and annotation standards, will be essential. The development and
adoption of standardized, large-scale, and demographically diverse EEG datasets would
also enable more reliable benchmarking and facilitate model replication.

Collectively, these directions point toward the development of clinically viable,
generalizable, and interpretable deep learning models capable of seizure detection and

prediction, ultimately supporting better patient care and timely intervention.
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Appendix 1

The source code and implementation details for this study are available on GitHub
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