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Abstract

Epilepsy is a neurological disorder affecting millions of people worldwide, charac-
terized by recurrent seizures which causes brief episodes of involuntary movement
that may involve a part of the body or the entire body. Accurate detection and
classification of seizures and their types are crucial for effective treatment and
management of epilepsy. The goal of this research was to classify seven types of
seizures from one another, including focal non-specific, generalized non-specific,
simple partial, complex partial, absence, tonic, clonic, tonic-clonic, and atonic
seizure just from electroencephalogram (EEG) signal data. However, the manual
interpretation of EEG signals by neurologists is labor-intensive, time-consuming,
and prone to human error, highlighting the need for automated and reliable di-
agnostic tools. In this paper, we present WaveNet-BiLSTM, an end-to-end dual-
path seizure type classification deep learning network designed to classify seven
types of seizures using raw EEG signal data as input, without the use of manual
feature selection or extraction. The proposed model combines the strengths of
WaveNet, which excels at capturing local patterns through dilated convolutions,
and bidirectional long short-term memory (BiLSTM) networks with channel-wise
attention mechanism, which effectively model long-term temporal dependencies
and focus on the most informative EEG channels. We evaluated the model us-
ing the most updated Temple University Hospital EEG Seizure Corpus, TUSZ
2.0.3, to ensure a comprehensive and diverse dataset. The model’s performance
was assessed using both seizure-wise and patient-wise cross-validation methods.
The proposed dual-path model achieved a weighted F1-score of 96% in seizure-
wise validation and 63% in patient-wise validation. These results demonstrate
the effectiveness of the proposed model in accurately classifying multiple seizure
types and its potential to generalize across different patients. The integration of
advanced deep learning architectures and the utilization of raw EEG data con-
tribute to the development of more robust and generalizable diagnostic tools,
ultimately improving patient care and treatment outcomes in epilepsy.
You can find this work on GitHub.

Alternatively, here is the full link: https://github.com/stefanniouwa/

SeizureNet
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CHAPTER 1

Introduction

Epilepsy is a neurological disorder characterized by recurrent seizures, affecting
numerous individuals globally. Proper detection and classification of seizures are
crucial for the effective treatment of this condition. Accurate diagnosis requires a
thorough understanding of seizure types, typically achieved through meticulous
analysis of electroencephalogram (EEG) data by qualified neurologists. However,
limited access to neurologists, particularly in low- and middle-income countries,
poses significant challenges in meeting the urgent need for accurate seizure clas-
sification [1]. The detailed examination of electrical brain activity to diagnose
epilepsy is a time-consuming and often labor-intensive process that can be influ-
enced by personal bias. Experts must carefully study EEG signals and correlate
them with patient history, which may necessitate prolonged observations to iden-
tify distinct abnormalities. Given the costly and demanding nature of current
diagnostic techniques, there is a pressing need for automated approaches to fa-
cilitate the early identification of epilepsy.

Severe seizures can have debilitating effects on a person’s ability to function
in daily life, leading to social isolation and diminished educational and occupa-
tional achievements [1]. This underscores the importance of accurately classify-
ing seizure types to effectively manage and treat epilepsy. Precise classification
is essential for guiding treatment decisions and delivering individualized care to
those with specific seizure types. Healthcare professionals can improve patient
outcomes and quality of life by customizing treatment approaches to target par-
ticular epilepsy subtypes. Additionally, diagnosing potential comorbidities linked
to various seizure categories and forecasting prognosis depend on a comprehensive
understanding of seizure types.

Electroencephalography (EEG) plays a vital role in neuroscience and clinical
neurology, serving as the gold standard method in research for detecting and
classifying seizures. This non-invasive technique involves placing scalp electrodes
on the patient’s head to capture the brain’s electrical activity. The electrodes
detect minute electrical potentials generated by neuronal activity, providing real-
time insights into brain function [4]. Over the years, EEG technology has evolved
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from simple recording devices to complex digital systems that can be integrated
with other neuroimaging modalities for in-depth analysis. The principles of EEG
involve recording voltage fluctuations resulting from ionic current flows within
neurons [4]. Noise and artifacts are minimized through filtering and amplification
of the recorded signals. The resultant waveforms are displayed as continuous
voltage-versus-time traces, typically divided into frequency bands: delta (0.5–4
Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (>30 Hz)
[12]. Specific frequency bands are associated with different states of brain activity,
such as sleep, relaxation, or cognitive processes.

Seizures are mainly categorized into focal (or partial) and generalized seizures.
Focal seizures originate in a particular region of the brain and can be further clas-
sified as simple focal seizures, which do not cause loss of awareness, or complex
focal seizures, which impair awareness [15]. Generalized seizures include ab-
sence seizures, tonic-clonic seizures, myoclonic seizures, atonic seizures, and clonic
seizures. Each type of seizure has distinct EEG patterns; for instance, absence
seizures are associated with 3 Hz spike-and-wave discharges, while tonic-clonic
seizures are characterized by slow waves followed by high-frequency activity [26].
Seizure types are classified by the International League Against Epilepsy based
on symptom manifestation. Recognizing these distinct EEG patterns enables
clinicians to accurately classify seizure types, which is essential for determining
appropriate treatment strategies.

Different seizure types may require specific therapeutic interventions, empha-
sizing the importance of precise classification for effective patient care [13]. For
example, medications effective for focal seizures might not be suitable for gener-
alized seizures and vice versa. Accurate classification informs medical decisions
and ensures that patients receive the most appropriate treatment, ultimately en-
hancing patient safety and improving the overall quality of life for those with
epilepsy. Despite its effectiveness, manual interpretation of EEG data is time-
consuming, labor-intensive, and subject to human error. The process demands
extensive expertise and can be influenced by subjective biases, leading to poten-
tial inconsistencies in diagnosis [36]. Factors such as patient movement, electrode
placement, and external artifacts can complicate the analysis, making accurate
identification and classification of seizures challenging [36].

This paper focuses on the innovative use of deep learning technologies to
restructure the classification of seizure types. Deep learning, a subset of ma-
chine learning, has demonstrated significant success in handling large datasets
and extracting complex patterns, making it particularly suitable for EEG sig-
nal analysis. Moreover, end-to-end deep learning models typically require less
human intervention, as they can manage the entire learning process from raw
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data preprocessing to model training in a more automated manner, eliminating
the need for feature extraction and selection. While traditional machine learning
has been widely and effectively utilized in seizure detection and classification, it
typically requires detailed preprocessing of data before analysis [3]. This prepro-
cessing often involves substantial expert input to extract relevant features from
raw EEG data, which can be time-consuming and labor-intensive. In contrast,
deep learning is capable of processing raw EEG data directly, thus potentially
transforming the landscape of seizure detection and classification [33]. This ca-
pability not only streamlines the workflow but also enhances the efficiency of
neurologists by allowing models to autonomously learn from raw data.

The field of EEG signal analysis for seizure classification highlights significant
differences between traditional machine learning and modern deep learning ap-
proaches. Traditionally, EEG analysis has utilized feature-based machine learn-
ing, which requires thorough signal preprocessing to extract relevant features
like frequency bands and time-domain characteristics [33]. This method depends
on domain expertise and is well-suited to structured datasets but struggles with
scalability and adaptability to new data [27]. In contrast, deep learning meth-
ods offer a more holistic approach by utilizing frameworks capable of learning
representations directly from raw data, thereby removing the need for manual
feature selection and extraction [27]. This shift is evident through the use of our
proposed network utilizing a deep learning approach to process raw EEG signals
and automatically learn the complex patterns associated with different seizure
types. The advantage of this approach lies in its ability to adapt to the data’s
intrinsic properties without prior biases about which features are most relevant,
potentially leading to the discovery of novel insights into seizure mechanisms.

The work of researchers like Albaqami [6] has been instrumental in the appli-
cation of deep learning models, specifically his chapters on Multi-Path SeizureNet
[9]for classification, as well as the use of WaveNet and LSTM for abnormal detec-
tion, to EEG-based classification problems [8]. Albaqami’s research has demon-
strated groundbreaking advancements in applying machine learning and deep
learning techniques for seizure classification, achieving high classification perfor-
mance using the Temple University Hospital Seizure Corpus (TUSZ v1.5.2) [28].
Notably, regarding patient-independent classification, he achieved relatively high
scores through five-type classification, obtaining an 87.6% F1-score [9]. Patient-
independent techniques involve training and evaluating models on data from dif-
ferent patients, ensuring that the models generalize well to new, unseen individ-
uals. This work exemplifies cutting-edge research that leverages complex neural
network architectures to enhance diagnostic accuracies across new patients.

The aim of this study is to create a deep learning model capable of accurately
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and robustly classifying multiple seizure types from raw EEG data, focusing
on seven-class patient-independent classification to enhance generalizability. We
hypothesize that employing advanced deep learning models like WaveNet and
bidirectional long-short term memory (Bi-LSTM) on the latest TUSZ Corpus
will significantly improve the accuracy and generalizability of multi-class seizure
classification compared to traditional approaches. Building upon existing archi-
tectures, we explore how different combinations of deep learning models can be
integrated for classifying seizure types using EEG signals. A dual-path seizure
type classification deep learning network was trained on raw EEG data for epilep-
tic seizure type classification. The proposed dual-path model comprises WaveNet
and bidirectional LSTM components, each extracting complex patterns from raw
EEG signals. The outputs of both paths are fused for the final classification of
seizure types. We utilize the latest updated TUSZ version 2.0.3 (March 2024) for
our seizure type classification, and to our knowledge, this is the first application
of this dataset in this area of research.

By integrating these advanced deep learning techniques, we aim to enhance
the performance of seizure classification models, particularly in patient-independent
scenarios. Our approach seeks to address the limitations of manual EEG inter-
pretation and traditional machine learning methods, offering a more efficient and
potentially more accurate solution for seizure type classification. This could have
significant implications for improving diagnostic precision and patient outcomes
in epilepsy care.
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CHAPTER 2

Literature Review

2.1 Review of Machine Learning and Deep Learning Ap-

plications in Seizure Classification

The implementation of machine learning and deep learning techniques has greatly
improved seizure classification by enabling automation of EEG signal data analy-
sis and decreasing the need for manual feature extraction. Traditionally, machine
learning approaches for EEG analysis required domain experts to manually ex-
tract relevant features from the EEG signals, which is labor-intensive and time-
consuming process. By reducing the need for personal involvement, automated
machine and deep learning techniques seek to optimise this procedure, increasing
seizure classification accuracy and efficiency.

Acquisition of data, preprocessing, feature extraction, classification, and per-
formance evaluation are common steps in the systematic process of integrating
machine learning and deep learning in EEG analysis, as previous research has
demonstrated [6, 9, 8, 21, 7, 10, 34, 37, 18, 14, 31, 5, 32, 11, 38, 23]. This can
be illustrated in Figure 2.1. Deep learning techniques enable automatic feature
extraction from raw EEG signal data, whereas machine learning approaches typ-
ically require manual feature extraction and feature selection. Both methods
classify the EEG recordings into various seizure types, after which the perfor-
mance of the models is evaluated to determine their accuracy and precision.

Significant EEG signal features are manually retrieved and fed into classifica-
tion algorithms in feature-based machine learning techniques. These techniques
have a long history of being used effectively in a variety of EEG analyses, includ-
ing brain–computer interface (BCI) technologies and the diagnostic evaluation
of neurological illnesses [24]. For example, machine learning models have used
feature-based methods for binary classification tasks to detect abnormalities in
EEG signals. López et al.[19] achieved 78.8% accuracy in detecting abnormal
EEG activity by using convolutional neural networks (CNNs) and multilayer
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Figure 2.1: A typical machine learning and deep learning seizure type classifica-
tion flow diagram

perceptrons (MLPs) in combination with band power-based features.

Numerous feature extraction methods, such as time-domain, frequency-domain,
and time-frequency-domain approaches, have been used in seizure classification
[29] [21] [30]. Wavelet transform (WT)-based feature extraction has become in-
creasingly common among time-frequency methodologies since it can record both
frequency and time information. Wavelet packet decomposition (WPD), contin-
uous wavelet transform (CWT), and discrete wavelet transform (DWT) are often
used approaches [7]. For instance, Alhussein et al.[10] used AlexNet and MLP
to analyse fast fourier transform (FFT) band-limited signals and obtained an
accuracy of 89.13%. Using an MLP with CWT for feature extraction, Saric et
al. [34] achieved a 95.14% accuracy rate in a three-class seizure classification
task. Similar to this, Wijayanto et al. [37] achieved a 95% classification accuracy
by using support vector machines (SVMs) with empirical mode decomposition
(EMD) and statistical features to categorise five-class seizure classification.

Feature-based techniques have several of disadvantages despite their effec-
tiveness. The manual feature extraction procedure makes them labor-intensive
and necessitates extensive subject knowledge. Moreover, these methods might
be difficult to scale or modify for new, unseen data. When faced with complex or
nuanced patterns in EEG signals, an over-reliance on predefined features might
lead to inferior performance, which restricts the models’ capacity to generalise.
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By automating feature extraction and learning directly from raw EEG data,
deep learning provides an innovative approach that uncovers intricate patterns
in the signals. In particular, recurrent neural networks (RNNs) and convolu-
tional neural networks (CNNs) have shown great promise in seizure classification
[18]. Without the need for manual feature extraction, these models can analyse
raw EEG data, which reduces the workload for experts and potentially increase
classification accuracy.

Convolutional Neural Networks (CNNs) have been widely employed in seizure
classification due to their proficiency in analysing spatial and temporal charac-
teristics in EEG data. Liu et al.[25] utilised a bilinear model integrating a CNN
and long short-term memory (LSTM) network to classify spectrogram pictures
obtained from EEGs, attaining an F1 score of 97.4%. Shankar et al. [35] em-
ployed a CNN model utilising Gramian Angular Field Transformation (GAFT)
to classify EEG signals into five-class seizure classifications, achieving accuracies
between 84.19% and 96.01% across various classification scenarios.

Recurrent neural networks (RNNs) and LSTM networks are adept at sequence
modelling and have shown effectiveness in identifying temporal patterns in EEG
signals. Baghdadi et al. [14] developed a deep LSTM model including channel-
wise attention to classify eight seizure types, attaining an F1 score of 98.41%.
Priyasad et al. [31] employed an attention-based data fusion method to categorise
seizures from raw EEG data, achieving an F1 score of 96.7%.

Hybrid models that integrate CNNs and LSTMs capitalise on the advantages
of both architectures, improving the precision and dependability of seizure cat-
egorisation. Aristizabal et al. [5] devised a neural memory network (NMN) to
classify seven seizure types, attaining an F1 score of 94.5%. Asif et al. [11] in-
troduced SeizureNet, a deep learning framework that integrates a deep CNN and
LSTM network, attaining a 95% F1 score at the seizure level.

Numerous studies have employed the Temple University Hospital Seizure
(TUSZ) Corpus version 1.5.2 to train and evaluate machine learning and deep
learning models, highlighting its significance in enhancing techniques for cate-
gorising seizure types. To our knowledge, the most recent version utilised in this
research domain is TUSZ version 2.0.0 by Zhu et al. [38], mostly for seizure
detection rather than classification. Numerous studies on seizure classification
have predominantly utilised version 1.5.2. However, this dataset exhibited short-
comings, including patient overlap between the training and testing sets, as well
as inconsistencies in seizure annotations [16]. These features may generate biases
and diminish the generalizability of the models to novel cases.

Our research mitigates these deficiencies by utilising the enhanced TUSZ ver-
sion 2.0.3, with the objective of improving model generalizability and perfor-
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mance via patient-independent assessments and uniform annotations. We aim
to enhance prior research and address the constraints found in past studies by
employing the most recent version of the dataset. Our methodology emphasises
the creation of deep learning models that enhance generalisation for new patients
and deliver more accurate seizure type classification, hence advancing diagnostic
tools in epilepsy.

2.2 Motivations and Contributions

This research is motivated by the inherent constraints and challenges associ-
ated with manually interpreting EEG readings. This technique is both labor-
intensive and time-consuming, as well as prone to human error and subjective
prejudice. It is imperative to develop an automated system that is capable of ac-
curately and reliably classify seizure types, while also being generalizable across
various patient groups. In response to this requirement, our research seeks to
create a system utilising advanced deep learning architectures—namely WaveNet
and bidirectional LSTM networks—on the recently released Temple University
Hospital Seizure (TUSZ) Corpus version 2.0.3.

The TUSZ v2.0.3 dataset, launched in March 2024, signifies a notable im-
provement compared to earlier iterations[28]. This work is, to our knowledge,
the first application of this particular version for seizure classification tasks. The
revised dataset [28] provides a more varied and extensive compilation of EEG
recordings, encompassing a greater number of patients, as well as a higher rate
of seizure events. The increased diversity enhances the training data accessible
to the models, allowing them to learn more intricate and diverse patterns present
in the EEG signals. As a result, the models developed are expected to be more
robust and generalizable, and are proficient in appropriately classifying seizures
across various patients.

Prior studies often show higher performance metrics in seizure-wise classi-
fication, whereby seizure occurrences are derived from patients, and the same
patient’s data may be present in both training and validation sets. For exam-
ple, Albaqami[7] utilised LightGBM in conjunction with wavelet packet decom-
position for seven-class seizure classification, attaining an F1-score of 89.6% in
seizure-wise evaluation, though only 64% in patient-wise evaluation. Likewise,
Asif et al.[11] created SeizureNet utilising characteristics derived from fast fourier
transform (FFT), achieving a notable seizure-wise F1-score of 95%, which dimin-
ished to 62% in patient-wise evaluation. Jia et al. [23] employed a ResNet18 v2
model alongside a variable weight CNN method and correlation matrix IBMFS,
attaining a seizure-wise F1-score of 94% while achieving a patient-wise accuracy
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of merely 54.2%. These examples demonstrate that although these methods effec-
tively localise seizure occurrences within EEG data for specific patients, they in-
sufficiently account for the models’ capacity to generalise to new, unseen patients.
The inclusion of the same patient data in both training and validation phases may
result in too optimistic performance metrics that fail to represent real-world clin-
ical situations.

Consequently, our research emphasises optimising patient-wise (patient-independent)
classification metrics, which more accurately evaluate a model’s generalizability
to novel patient groups post-training. This methodology reflects actual clin-
ical environments, where models must precisely diagnose seizures in patients
whose data were excluded from the training set. Prior research demonstrate
that patient-independent classification is more problematic due to variations in
EEG patterns among individuals and a lack of patient data. This intricacy may
lead to significantly decreased performance measures in contrast to seizure-wise
classification. Nonetheless, it offers a more accurate and significant assessment
of the model’s relevance in clinical practice, thereby enhancing patient care.

We focus on patient-wise classification to develop a robust and generalizable
classifier for a seven-class seizure classification problem. In contrast to prior re-
search that mostly depended on feature extraction from EEG signals for machine
learning models, our methodology utilises raw EEG signals directly. By allowing
the models to examine raw EEG data without manual feature extraction, we
utilise the deep learning models’ ability to independently detect and recognise
complex patterns within the data. This reduces the workload on experts and
removes possible biases from manual feature engineering, potentially revealing
new insights on seizure causes.

The key contributions of this research are summarized as follows:

1. Utilization of the Latest TUSZ v2.0.3 Dataset: We are among the first to
employ the newly released TUSZ v2.0.3 dataset for multi-class seizure clas-
sification. The dataset’s increased diversity—with more patients, seizures,
and seizure types—provides a richer training set, enabling the development
of more robust and generalizable models.

2. Analysis of Raw EEG Signals Without Feature Extraction: Our models
operate directly on raw EEG signals, eliminating the need for manual fea-
ture extraction. This approach allows the models to learn intricate patterns
and representations inherent in the data autonomously, potentially captur-
ing subtle features that manual methods might overlook.

3. Focus on Patient-Independent Results: By emphasizing patient-wise clas-
sification, we address the critical issue of model generalizability to new
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patients. This focus aligns with real-world clinical scenarios, where models
must perform accurately on unseen patient data, thereby providing a more
realistic assessment of the model’s effectiveness and applicability.
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CHAPTER 3

Methodology

3.1 Dataset

Figure 3.1: TUSZ version 2.0.3 Class Distribution

The Temple University Hospital EEG Data Corpus [28] is recognised as one
of the most extensive publicly available datasets for research on seizure detec-
tion and classification using EEG data. This dataset, created and maintained
by Temple University, comprises over 25,000 EEG recordings from more than
14,000 patients. This resource includes several seizure types, aiding researchers
in the development and evaluation of novel algorithms for seizure detection and
classification. The comprehensive annotations and metadata accompanying each
recording facilitate analysis and efficient model training.

The TUH EEG Corpus is systematically categorised into subsets, each concen-
trating on specific elements of seizure study. The primary subset for this study,
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referred to as the TUH EEG Seizure Corpus (TUSZ), offers recordings classi-
fied in accordance with the standards established by the International League
Against Epilepsy (ILAE) [20]. This subset encompasses various seizure types,
including focal non-specific seizures (FNSZ), generalised non-specific seizures
(GNSZ), simple partial seizures (SPSZ), complex partial seizures (CPSZ), ab-
sence seizures (ABSZ), tonic seizures (TNSZ), clonic seizures (CNSZ), tonic-
clonic seizures (TCSZ), atonic seizures (ATSZ), and myoclonic seizures (MYSZ).
The data points representing the distribution of each seizure class are illustrated
in Figure 3.1.

Every recording is subjected to meticulous annotation by neurologists to guar-
antee high-quality and reliable data for research and clinical applications. The
most recent iteration of TUSZ, version 2.0.3, launched in March 2024, includes
significant enhancements. This dataset comprises approximately 51,000 seizure
events from more than 670 patients, offering a substantial array of data for seizure
analysis [28]. The dataset includes data from hundreds of thousands of sessions,
with each session having one EDF file that includes the wave signal from each
channel, alongside a corresponding CSV file that details the identified seizure
type, including start and stop times for each channel. The specifics of the com-
parison between TUSZ version 1.5.2 and 2.0.3, together with the description of
the chosen seizure types, are presented in Table 3.1

TUSZ v2.0.3 presents a substantial improvement over earlier versions by deliv-
ering a more generalizable, patient-independent evaluation, attributed to critical
improvements implemented in this update. Earlier iterations, such as v1.5.2[16],
had challenges with patient overlap across the training, development, and assess-
ment datasets, potentially resulting in exaggerated performance metrics as the
model was exposed to same patient data throughout both training and testing
phases. [16] noted that one subject was shared between the development and
evaluation sets, five subjects were shared between the development and training
sets, and thirteen subjects were shared between the evaluation and training sets.
While this overlap may not have significantly impacted performance for the tech-
nology of that era, it presented a possible concern for future developments[16].
To resolve this issue, [16] reconstructed the data partitions to eliminate the over-
lap, requiring the augmentation of the evaluation and development datasets with
fresh subjects that had not been previously annotated, while preserving the subset
sizes. Thus, TUSZ v2.0.3 guarantees that patients are mutually exclusive within
the training, development, and evaluation sets, which is essential for assess-
ing patient-wise classification through patient-independent validation methods.
This clear distinction avoids the model’s performance from being biassed towards
particular patients, thereby facilitating a more precise evaluation of the model’s
generalizability to novel, unseen patient data, which is crucial for practical clinical
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applications.

TUSZ v2.0.3 adjusts prior anomalies in seizure annotations concerning fre-
quency content. Previous iterations displayed inconsistencies, with certain files
comprising solely low-frequency epileptiform events (2.5 Hz to 3 Hz)[16], but
others included events with substantial frequency content above 3 Hz. This dis-
crepancy required a comprehensive examination and reannotation of the entire
corpus to guarantee consistency in seizure event annotations. The incorpora-
tion of additional epileptiform events with higher frequency content significantly
enhanced the recorded seizure events, increasing from 673 in v1.5.2 to 1,239 in
v1.5.3[16], thereby providing a more comprehensive dataset for the training and
assessment of machine and deep learning models.

3.2 Preprocessing

The Temple University Hospital EEG Seizure Corpus (TUSZ) v2.0.3 displays
diversity in montage configurations and sample rates, reflecting of its origin from
real clinical environments. The recordings in this dataset [28] exhibit sampling
rates between 250 Hz and 1024 Hz and utilise different montages. To maintain
consistency and enable successful analysis, we executed several preprocessing
procedures to standardise the input data before model training.

Initially, we concentrated on extracting EEG segments that specifically cor-
responded to seizure events. This was accomplished with the annotation files
accompanying the dataset, which contain exact start and finish times for each
seizure episode across various channels. Utilising these annotations, we isolated
relevant segments from the continuous EEG recordings, ensuring our models are
trained on data directly linked to seizure activity.

To highlight spike activity characteristic of seizures, we utilised the Trans-
verse Central Parietal (TCP) montage [32]. An EEG montage is a differential
representation of data, generated by calculating the difference between signals
obtained from two specific electrodes (e.g., Fp1-F7, F7-T3), as outlined by the
international 10-20 electrode placement scheme [22]. This differential method
improves the identification of localised cerebral activity and assists in minimis-
ing noise. Neurologists are very cautious regarding the montage utilised in EEG
interpretation, as it profoundly affects the visibility of neurological patterns [35].

The TCP montage has proven to be especially effective for seizure detection in
numerous investigations [32]. It highlights spike and sharp wave activities, which
are essential for recognising epileptiform patterns. Utilising the TCP montage, we
computed the differential signals for the relevant electrode pairs, hence enhancing
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the characteristics relevant to seizure classification.

Due to the differing sampling rates in the TUSZ v2.0.3 dataset, standardisa-
tion was required for consistent data processing. All EEG recordings were stan-
dardised to a uniform sampling rate of 250 Hz. This sample rate is frequently
employed in EEG analysis, offering a compromise between sufficient temporal res-
olution and computing efficiency [7, 8, 6, 9]. Resampling was performed utilising
signal processing techniques that maintain the integrity of the original signals,
guaranteeing that no substantial information was lost throughout the procedure.

Following to the application of the TCP montage and resampling, we parti-
tioned each EEG recording into fixed-duration, non-overlapping intervals of two
seconds. This segmentation produces segments comprising 500 data points each
at a sampling rate of 250 Hz. The selection of a two-second window length is
based on previous research that has determined it to be the ideal timeframe for
recording seizure dynamics while ensuring computational effectiveness [32]. Seg-
menting the data into uniform chunks standardises the input for our algorithms
and facilitates the identification of patterns within a clinically relevant timeframe.

We normalised each EEG segment for input into our neural network architec-
ture. We computed the mean and standard deviation for each channel within a
segment. The mean was deducted from the signal to centre it at zero, followed
by division by the standard deviation to normalise amplitude variations. This
standardisation is essential for neural networks, since it prevents any individual
channel or segment from disproportionately affecting the model due to variations
in scale.

Although the majority of segments typically comprised 500 data points follow-
ing segmentation, there were occasions where segments were marginally shorter
or longer due to the exact start and stop times of seizure events. We modified
these segments to maintain uniformity across all input data.

• Signals Shorter than 500 Data Points: Zero-padding was applied to extend
the signal to the required length.

• Signals Longer than 500 Data Points: The signal was truncated to fit the
500 data point requirement.

This adjustment ensures that all segments fed into the model have the same
shape, which is essential for batch processing in deep learning frameworks.

A key aspect of our methodology is the direct use of raw EEG signals as inputs
to our deep learning models. Unlike traditional approaches that rely on extensive
feature extraction and handcrafted signal transformations, our method harnesses
the power of deep learning architectures—specifically WaveNet and Bidirectional
Long Short-Term Memory (Bi-LSTM) networks—to learn complex patterns di-
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rectly from the normalized EEG data. This approach not only preserves the
integrity of the original signals but also reduces preprocessing complexity and
potential biases introduced by manual feature selection.

3.3 Proposed Model

3.3.1 WaveNet

Figure 3.2: WaveNet Dilated Causal Convolution Layers

WaveNet, introduced by Google’s DeepMind [2], is a deep generative model
first designed for the generation of raw audio waveforms. It utilises dilated causal
convolutions to effectively capture both short-term and long-term temporal de-
pendencies in sequential data. WaveNet has attained significant success in speech
synthesis and audio generation tasks due to its ability to simulate intricate tem-
poral patterns without relying on recurrent connections [2].

In EEG signal processing, temporal dynamics are essential for precise seizure
classification. EEG signals contain complex temporal patterns and long-range
dependencies that are difficult to model using conventional frameworks. Re-
current neural networks (RNNs), including Long Short-Term Memory (LSTM)
networks, are extensively utilised for sequential data but frequently encounter
limitations in short-term memory while processing lengthy sequences [17]. We
used the WaveNet architecture to analyse raw EEG signals, facilitating efficient
feature extraction and enhancing performance in seizure classification.

The fundamental element of WaveNet consists of a series of one-dimensional
convolutional layers characterised by exponentially increasing dilation rates [2]. A
dilated convolution introduces gaps between kernel elements, effectively expand-
ing the receptive field of the convolutional layer without increasing the parameter
count. This design enables the network to effectively capture long-range tempo-
ral dependencies. Figure 3.2 illustrates the mechanism of dilated convolutional
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layers within the WaveNet architecture. The dilation rate d at each layer l is
conventionally established to double with each subsequent layer, adhering to the
sequence d = 2l. The receptive field R of the network grows exponentially with
the number of layers L:

R = (K − 1)×

(
L−1∑
l=0

2l

)
+ 1

where K is the kernel size.

WaveNet utilises gated activation units to regulate and shape the information
flow inside the network. In each convolutional layer, the gated activation unit
integrates the outputs of two convolution operations—one processed through a
tanh activation function and the other through a sigmoid function:

z = tanh(Wf ∗ x)⊙ σ(Wg ∗ x)

where:

• Wf and Wg are the filter weights for the tanh and sigmoid convolutions,
respectively;

• ∗ denotes the convolution operation;

• ⊙ represents element-wise multiplication;

• x is the input to the layer.

Residual connections are utilised to enhance the training of deep networks by
mitigating challenges including the vanishing gradient problem, speeding conver-
gence, and enhancing overall performance.

In adapting WaveNet for EEG signal processing, we modified the original ar-
chitecture to suit the characteristics of EEG data and the specific requirements
of multi-class seizure classification. We have designed WaveNet layers with spe-
cific dilation rate sequences to capture both extensive and localised temporal
patterns in the EEG signals. This method enables the model to acquire both
overarching characteristics and intricate details crucial for distinguishing between
different seizure types. In contrast to the original WaveNet, our implementation
excludes skip connections, aligning with [8] to enhance control over the receptive
field size and to facilitate a more effective capture of temporal information for
our purpose.

24



3.3.2 Bidirectional LSTM

To further enhance the model’s ability to capture temporal dependencies, we in-
tegrated a Bidirectional Long Short-Term Memory (BiLSTM) network pathway
with a channel-wise attention mechanism. LSTMs are engineered to preserve
long-term dependencies in sequential data using a memory cell architecture, in-
corporating gates that regulate the information flow. Every LSTM cell comprises
three gates: the input gate, the forget gate, and the output gate. These gates
govern the entry, storage, and exit of information within the cell state, thereby
determining what to retain and what to discard [17].

The computations within an LSTM cell at time step t are as follows:

ft = σ(Wf · [xt, ht−1] + bf ),

it = σ(Wi · [xt, ht−1] + bi),

ot = σ(Wo · [xt, ht−1] + bo),

gt = tanh(Wg · [xt, ht−1] + bg),

Ct = ft ⊙ Ct−1 + it ⊙ gt,

ht = ot ⊙ tanh(Ct),

where:

• ft, it, and ot are the forget gate, input gate, and output gate activations,
respectively;

• gt is the candidate cell state;

• Ct is the cell state at time t;

• ht is the hidden state (also the output) at time t;

• W∗ and b∗ are the weight matrices and bias vectors for each gate;

• σ denotes the sigmoid activation function;

• ⊙ represents element-wise multiplication;

• xt is the input at time t;

• ht−1 is the hidden state from the previous time step.

Standard LSTMs process sequences in one direction, relying on prior informa-
tion, however Bidirectional LSTMs enhance this by analysing input data in both
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the forward and backwards directions. This is accomplished by employing two
distinct LSTM layers: one that analyses the sequence from past to future and
another from future to past. The outputs of the forward and backwards LSTMs
at each time step are combined, usually through concatenation:

ht =
−→
ht ∥
←−
ht ,

where
−→
ht and

←−
ht are the hidden states from the forward and backward LSTMs,

respectively, and ∥ denotes concatenation. This methodology enables the model
to incorporate information from both past and future contexts, hence enhancing
its capacity to discern temporal patterns within the EEG data.

In our model, the BiLSTM directly processes the raw EEG data, with inputs
formatted as (time steps × EEG channels). We employ a BiLSTM layer with
64 units to capture temporal dependencies in both directions. To enhance the
model’s emphasis on the most informative features, we utilise a channel-wise
attention mechanism subsequent to the BiLSTM layer. The attention mechanism
computes attention scores for each channel, enabling the model to dynamically
assess the significance of various channels.

Channel Wise Attention

The attention mechanism is applied to the output of the BiLSTM layer in our
implementation. The BiLSTM analyses the input data and produces a sequence
of hidden states H ∈ RT×2D, where T is the number of time steps, and 2D is
the dimensionality of the hidden state (due to the concatenation of forward and
backward passes in the BiLSTM).

However, in our context, since we are dealing with EEG data where the
channels can be considered analogous to features at each time step, the BiLSTM
output H is reshaped or interpreted as H ∈ RC×D, where C represents the
number of channels, and D is the hidden dimension.

The attention mechanism calculates attention scores for each channel to assess
its relative importance. The calculation proceeds as follows:

1. Compute Attention Scores
For each channel c, we compute an attention score ec using a fully connected
layer with a tanh activation function:

ec = tanh(Wahc + ba)

where:

• h ∈ RD is the hidden state output from the BiLSTM for channel c.
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• Wa ∈ RD×1 and ba ∈ R1 are the trainable weights and bias of the
attention layer.

• The tanh activation ensures non-linearity in the attention computa-
tion.

2. Compute Attention Weights
The attention scores are then normalized across all channels using the soft-
max function to obtain the attention weights αc:

αc =
exp(ec)∑C
k=1 exp(ek)

where αc represents the normalized importance of channel c.

3. Compute Context Vector
The context vector s is computed as the weighted sum of the BiLSTM
hidden states, using the attention weights:

s =
C∑
c=1

αchc

This context vector aggregates the most relevant information from all chan-
nels, emphasizing those with higher attention weights.

By integrating the channel-wise attention mechanism as executed in your
code, our model efficiently utilises the spatial information across EEG channels.
This method enables the model to identify the channels most essential for distin-
guishing different seizure types, potentially enhancing classification performance.

3.3.3 Combined Dual-Path Approach

The suggested combined dual-path technique is illustrated in Figure 3.3. Our
hybrid model effectively captures the intricate temporal dynamics and spatial
information inherent in EEG data by merging the outputs from both the modified
WaveNet path and the BiLSTM with an attention mechanism. The combined
features are further processed through dropout and batch normalisation layers
to mitigate overfitting and enhance the stability of the learning process. The
final classification is attained through fully connected layers that conclude with
a softmax activation function, producing the probability distribution across the
seizure classifications.
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Figure 3.3: Combined Dual-Path Architecture: WaveNet and Bi-LSTM with
Channel Wise Attention

Utilising the advantages of both the modified WaveNet and the BiLSTM with
an attention mechanism enables our model to effectively analyse raw EEG signals
without requiring significant feature extraction or manual signal manipulations.
This method maintains the authenticity of the original signals and improves the
model’s capacity to discern complex patterns directly from the data, hence facil-
itating more precise and generalizable seizure classification.
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CHAPTER 4

Results

This study utilised the Temple University Hospital Seizure Corpus (TUSZ) EEG
dataset version 2.0.3 for seven-class seizure type classification. Table 3.1 outlines
the statistics of the TUSZ dataset for various seizure types and the number of
patients. We omitted Myoclonic (MYSZ) seizures from our research due to an
insufficient amount of events for statistically significant analysis, with just three
seizures recorded, as indicated in Table 3.1. This decision aligns with prior stud-
ies [32, 8, 9, 7]. We conducted preliminary preprocessing (3.2 Preprocessing) to
the EEG data to obtain raw EEG signals, which served as inputs for our pro-
posed deep learning models. We utilised three distinct architectures: a WaveNet
model, a bidirectional long short-term memory (BiLSTM) model with channel-
wise attention, and a hybrid dual-path model for multi-class classification.

4.1 Training and Performance Metrics

Evaluation Metrics

The TUSZ dataset demonstrated class imbalance and a skewed class distribu-
tion, with seizure types such as focal non-specific seizures (FNSZ) and generalised
non-specific seizures (GNSZ) exhibiting a higher number of instances relative to
the other classes. Figure 4.1 illustrates the distribution of seizure types through-
out the dataset. Consequently, relying solely on accuracy would inadequately re-
flect the models’ performance. Therefore, we utilised the weighted F1-score as our
primary evaluation metric, in addition to accuracy, precision, recall, specificity,
and sensitivity for each class. The weighted F1-score is computed as follows:

Weighted F1-score =
N∑
i=1

wi × F1-scorei

Where:
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Figure 4.1: TUSZ v2.0.3 Seizure Type Distribution

• N is the number of classes,

• wi is the proportion of instances belonging to class i,

• F1-scorei is the F1-score for class i

We applied our technique to three models—the WaveNet model, the BiLSTM
model with channel-wise attention, and the combined dual-path structure—and
compared their performances.

Cross-Validation Strategies

To evaluate the generalizability and robustness of our models, we tested our
technique using both seizure-wise and patient-wise cross-validation.

Seizure-Wise Cross-Validation

Drawing upon the techniques of [6] and [32], we utilised stratified 5-fold cross-
validation for classification on a seizure-wise approach. The dataset was divided
into five folds, ensuring each fold had a proportional representation of each class
relative to the whole dataset. The model was trained on four folds and was eval-
uated on the remaining fold, iterating this procedure until each fold served as
the evaluation set. This technique enables comprehensive evaluation across sev-
eral data subsets and assists neurologists in accurately identifying seizure events
within EEG signals across channels for an individual patient. The final perfor-
mance metric was derived by calculating the average weighted F1-score across all
five folds.
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Patient-Wise Cross-Validation

We aimed to evaluate the model’s generalizability to new patients following
training on data from an earlier group. This technique, despite being constrained
by a lack of patient data, guarantees the validity of the proposed automated
system in real-world scenarios, where new data regularly originates from pre-
viously unseen patients. We utilised the dataset splits specified in the revised
TUSZ v2.0.3 dataset, whereby the training, development, and evaluation sets are
clearly indicated to have mutually exclusive patients in each directory[28]. This
setup ensures that the data utilised for testing comes exclusively from different
patients whose information has not been employed during the training phase.
The comprehensive performance was assessed via the weighted F1-score across
all folds.

Training Procedure

All three models—the WaveNet, the BiLSTM with channel-wise attention,
and the combined dual-path model—were trained for 100 epochs with a batch size
of 32. To combat overfitting, we implemented several regularization techniques:

• Early Stopping: Implemented with a patience of 10 epochs to prevent over-
fitting by halting training when the validation loss ceased to improve.

• L2 Regularization: Applied within the WaveNet blocks and the final dense
layer to penalize large weights and promote generalization.

• Batch Normalization: Added after each WaveNet block to stabilize and
accelerate training by normalizing layer inputs.

• Dropout Layers: Included in the BiLSTM path and after the concatenation
in the combined model to prevent overfitting by randomly dropping units
during training.

Categorical cross-entropy was used as the loss function, and the Adam op-
timizer was employed with an initial learning rate set to 0.001. We utilized
a learning rate scheduler callback, where the learning rate was reduced during
training based on a step decay function defined as:

L(e) = L0 × (d)⌊
e+1
N ⌋

Where:

• L(e) is the learning rate at epoch e
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• L0 is the initial learning rate

• d is the drop factor

• N is the number of epochs after which the learning rate drops

• ⌊·⌋ denotes the floor function, which returns the largest integer less than or
equal to the input.

4.2 Experimental Results

To evaluate the effectiveness of our proposed dual-path method approach, we
tested the performance of each submodel—the WaveNet and the BiLTSM with
channel-wise attention—against the combined dual path model. Table 4.1 dis-
plays the seizure-wise performance metrics across the WaveNet, BiLSTM, and
Proposed Dual-Path Method, while Table 4.2 evaluates these metrics in the
patient-level.

Table 4.1: Seizure Wise Performance Metrics

Model Avg F1-Score (%) Avg Accuracy (%) Avg Precision (%)

WaveNet Path 86.6 86.6 89.7
BiLSTM Path 98.9 98.8 98.9
BiLSTM Path with Channel-Wise Attention 98.9 98.8 98.9
Proposed Dual-Path Method 96 96 96

Model Avg Recall (%) Avg Sensitivity (%) Avg Specificity (%)

WaveNet Path 87.6 84.1 97.5
BiLSTM Path 98.9 99 99
BiLSTM Path with Channel-Wise Attention 98.9 99 99
Proposed Dual-Path Method 96 94 99

Table 4.2: Patient Wise Performance Metrics

Model Avg F1-Score (%) Avg Accuracy (%) Avg Precision (%)

WaveNet Path 61.2 58.2 68.9
BiLSTM Path 37.8 37.7 69.3
BiLSTM Path with Channel-Wise Attention 46.7 45.2 71
Proposed Dual-Path Method 63 60.6 64.6

Model Avg Recall (%) Avg Sensitivity (%) Avg Specificity (%)

WaveNet Path 58.2 20.7 88.6
BiLSTM Path 37.7 32.5 85.2
BiLSTM Path with Channel-Wise Attention 45.2 29.1 86.2
Proposed Dual-Path Method 60.6 22.4 84

Seizure Wise Performance Results

32



(a) Seizure-wise Confusion Matrix (b) Patient-wise Confusion Matrix

Figure 4.2: Confusion matrices of 7-class seizure types for seizure-wise and
patient-wise validation techniques using the Proposed Dual-Path approach

Both WaveNet and BiLSTM with Channel-Wise Attention submodels per-
formed generally well. The WaveNet model attained an F1-score of 86.6%, but
the BiLSTM model earned an F1-score of 98.9%. The suggested dual-path net-
work achieved an F1-score of 96%, just falling short of the BiLSTM model by
2%. The performance of the BiLSTM model is similar from that of the BiL-
STM model incorporating a Channel-Wise Attention Mechanism at the seizure
level. The superior performance of a model utilising BiLSTM demonstrates its
effectiveness in classifying various seizure types.

The BiLSTMmodels, both with and without Channel-Wise Attention, demon-
strated superior performance in average precision, recall, sensitivity, and speci-
ficity. Both models had average precision and recall rates of 98.9%, signifying
their robust ability to accurately detect seizure events while reducing misclassifi-
cation. The implementation of the Channel-Wise Attention Mechanism did not
significantly affect the performance metrics of the model. This indicates that the
BiLSTM model individually excels in capturing temporal dependencies within
the data.

In comparison to our dual-path design, the proposed model attained an av-
erage precision and recall of 96%, which, although inferior to the two BiLSTM
models, nevertheless demonstrates commendable performance overall. Its aver-
age sensitivity of 94% and specificity of 99% demonstrate its robust capacity to
differentiate between seizure and non-seizure events. Conversely, the WaveNet
path trailed behind the other models, achieving an average precision of 98.7% and
a recall of 87.6%. It attained an average sensitivity of 84.1% and specificity of
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97.5%, indicating less effectiveness in identifying actual seizure events compared
to BiLSTM-based models.

The confusion matrix for seizure-wise classification displayed in Figure 4.2a
indicates that the Proposed Dual-Path model achieved high accuracy for across
seizure types, displaying low misclassification rates. Focal non-specific seizures
(FNSZ) were classified with 97% accuracy, generalised non-specific seizures (GNSZ)
with 95% accuracy, and simple partial seizures (SPSZ) with 99% accuracy. Ab-
sence seizures (ABSZ) showed a slight reduction in performance, achieving 93%
accuracy, whereas tonic seizures (TNSZ) attained an accuracy of 85%, suggesting
challenges in differentiating between these seizure types.

Patient Wise Performance Results

In patient-wise classification, all examined models exhibit a decline in perfor-
mance, as illustrated in Table 4.2. This may be anticipated due to the difficulty of
accurately classifying seizure types in novel patient data. The proposed dual-path
model attained a weighted F1-score of 63%, surpassing the individual WaveNet
model’s score of 61.2% by around 2%. Our BiLSTM with Channel-Wise at-
tained a 46.7% F1-score at the patient level. The channel-wise attention layer
significantly enhances the performance of seizure type classification, yielding an
8.9% improvement over the BiLSTM model that does not emphasise individ-
ual channels. This enhancement demonstrates that combining the local feature
extraction strength of WaveNet with the temporal modelling capabiltieis of BiL-
STM with channel-wise attention, improves the model’s ability to generalise to
unseen patient data.

The proposed dual-path approach and WaveNet path outperformed their BiL-
STM counterparts in average recall, achieving 60.6% and 58.2%, respectively,
compared to 37.7% and 45.2% for the BiLSTM Path and BiLSTM Path with
Channel-Wise Attention. This indicates that the Dual-Path and WaveNet mod-
els were more effective in detecting actual seizure events in novel patients.

Nonetheless, the BiLSTM models demonstrated superior average precision
rates in comparison to alternative models. Among these models, the BiLSTM
Path with Channel-Wise Attention attained an average precision score of 71%.
This suggests that while they were more conservative in predicting seizures (re-
sulting in fewer false positives), they also missed more true seizure events (lower
recall). The Proposed Dual-Path Method achieved a balance between precision
and recall scores, attaining 64.6% and 60.6%, respectively, indicating a more
consistent performance across both evaluation measures.

The tendencies are further emphasised by the measurements of sensitivity
and specificity. Regarding sensitivity, which measures the true positive rate,
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the models demonstrate relatively low performance in patient-wise classification,
attaining scores of 22.4% for the Proposed Dual-path Method and 20.7% for
the WaveNet Path model. This indicates challenges in accurately classifying
seizures in novel, unseen patient data. On the other hand, the models show
higher average specificity values, with 88.6% for the WaveNet Path model and
84% for the Proposed-Dual Path Method. This signifies the ability to accurately
differentiate non-seizure events.

The confusion matrix for patient-wise classification (Figure 4.2b) underscores
the significant challenges that all models face in generalizing to unseen patients.
Specifically, the WaveNet model exhibited a high misclassification rate for fo-
cal non-specific seizures (FNSZ), with only 14% of these seizures being correctly
classified, while 72% were incorrectly classified as generalized non-specific seizures
(GNSZ). Notably, the model achieved its highest performance with GNSZ, cor-
rectly classifying 77% of these cases. However, the other six seizure types were
predominantly misclassified as GNSZ. For instance, 87% of complex partial seizures
(CPSZ) were incorrectly identified as GNSZ. Additionally, absence seizures (ABSZ),
tonic seizures (TNSZ), and tonic-clonic seizures (TCSZ) were not correctly classi-
fied at all. This pattern indicates a tendency of the model to overgeneralize and
default to predicting GNSZ when confronted with unfamiliar seizure patterns
in new patients. These results highlight the difficulty in capturing the diverse
characteristics of different seizure types across various patients.
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CHAPTER 5

Discussion

This study aimed to evaluate the effectiveness of our proposed dual-path tech-
nique, which combines a WaveNet submodel and a BiLSTM submodel with
channel-wise attention, for classifying seizure types using EEG data. We evalu-
ated the performance of each submodel separately and contrasted them with the
integrated dual-path model. The outcomes were evaluated utilising both seizure-
wise and patient-wise metrics, and we compared our findings with prior studies
to contextualise our contributions.

Our WaveNet submodel attained an average F1-score of 86.6% for seizure-
wise classification and 61.2% for patient-wise classification. Prior research has
investigated the application of WaveNet topologies for seizure detection based on
EEG data. [8] utilised WaveNet for binary categorisation of EEG signals derived
from the TUAB (Temple University Hospital Abnormal Corpus), attaining an
accuracy of around 88.7%. [8] concentrated on differentiating between normal
and abnormal EEG signals by analysing the initial 30 seconds of each recording.

In contrast to previous efforts, our WaveNet submodel extends the use of
WaveNet to a more complex, multi-class seizure type classification problem. The
seizure-wise performance illustrates the model’s proficiency in effectively captur-
ing local temporal aspects. The decline in accuracy in patient-specific classifica-
tion implies difficulties in generalising to new patients, a prevalent issue due to
inter-patient variability in EEG patterns.

The BiLSTM submodel incorporating channel-wise attention attained an av-
erage F1-score of 98.9% for seizure-wise classification and 46.7% for patient-wise
classification. [14] previously developed a channel-wise attention-based LSTM
model for seizure classification, attaining an F1-score of 96.87% in seizure-wise
evaluation. A separate study, [9], attained a 97.01% F1-score in five-class seizure
classification utilising a hybrid CNN-BiLSTM model on wavelet-processed EEG
signals. Our BiLSTM model not only exceeds this performance, attaining an
F1-score of 98.9% in 7-class seizure-wise classification, but also accomplishes this
with a less complex network architecture and by utilising solely raw EEG inputs.
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The high seizure-wise performance of our BiLSTM submodel demonstrates
its effectiveness in capturing temporal relationships and prioritising the most
valuable channels within the EEG data. In contrast to other studies that em-
ployed attention mechanisms separately for each channel, our method integrates
the attention mechanism to identify dominant features across all channels, hence
augmenting the model’s discriminative skills.

In patient-wise classification, the BiLSTM submodel’s performance diminishes
to an F1-score of 37.8%, reflecting trends observed in previous studies where mod-
els demonstrate reduced accuracy on unfamiliar patient data. Nonetheless, our
BiLSTM, with a channel-wise attention layer, dramatically enhanced the perfor-
mance, increasing it by 8.9% to 46.7%. This boost illustrates the effectiveness of
attention mechanisms in prioritising the most informative EEG channels, thus
enhancing the model’s ability to generalise across patients. The attention mech-
anism allows the model to weigh the contribution of each channel dynamically,
emphasizing channels that are more indicative of seizure activity for different
patients. This adaptability is essential for addressing the variability of EEG
patterns among the patient group.

Our proposed dual-path methodology integrates the advantages of theWaveNet
and BiLSTM submodels to enhance generalisation in seizure classification tasks.
The dual-path model attained an average F1-score of 96% in seizure-wise classifi-
cation, closely matching the performance of the BiLSTM submodel. Furthermore,
it attained an average F1-score of 63% in patient-wise classification, surpassing
both individual submodels and numerous models from prior research. For exam-
ple, [11] attained a patient-specific F1-score of 62% utilising SeizureNet with Fast
Fourier Transform (FFT) features, whilst our model reached 63%. Other models,
such the K-Nearest Neighbours (KNN) and XGBoost classifiers utilising FFT fea-
tures, displayed low patient-wise F1-scores of 40.1% and 54.2%, respectively [32].
However, [7] reported a superior patient-level F1-score of 64% for a seven-class
seizure classification test utilising wavelet-based feature extraction techniques.
They attained F1-scores of 64%, 63.9%, and 63.3% utilising Wavelet Packet De-
composition (WPD), Dual-Tree Complex Wavelet Transform (DT-CWT), and
Discrete Wavelet Transform (DWT), respectively. Wavelet-based feature extrac-
tion can enhance model performance by accurately capturing both temporal and
spectral features of EEG signals, hence facilitating improved representation of
seizure patterns. This method can improve the model’s capacity to generalise to
new patients by emphasising variables that are more resilient to inter-patient vari-
ability than raw EEG signals. Variations in datasets, preprocessing techniques,
and evaluation protocols may influence these comparisons; still, the findings sug-
gest that our dual-path approach is comparable to existing state-of-the-art mod-
els.
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The enhancement in individual patient performance indicates that the combi-
nation of local feature extraction (WaveNet) with temporal modelling and atten-
tion mechanisms (BiLSTM with channel-wise attention) improves the model’s
capacity to generalise to unfamiliar patients. The dual-path technique profi-
ciently captures both local patterns and long-term dependencies in EEG signals,
essential for precise seizure type categorisation.

Despite the advancements, the suggested dual-path methodology continues to
encounter obstacles. In patient-wise classification, the sensitivity is significantly
lower at 22.4%, signifying challenges in accurately identifying all true seizure
events in new patients. This limitation highlights the persistent issue in EEG
analysis about inter-patient variability and indicates that additional refining is
required to improve sensitivity and overall performance.

The computational complexity of this dual-path architecture may increase train-
ing duration and resource demands relative to single-path models. The BiL-
STM submodel with channel-wise attention demonstrates superior performance;
nonetheless, it is susceptible to overfitting, as evidenced by its diminished patient-
wise performance, necessitating larger datasets or further regularisation methods
to enhance generalisation.

Although improvements in machine learning present considerable promise for
enhancing seizure classification, it is essential to maintain collaborative integra-
tion between AI seizure classification tools and experienced neurologists to guar-
antee effectiveness in real-world usage. Interpreting machine learning models,
particularly those utilised in decision-making within healthcare, is crucial for
ensuring alignment with established medical principles and practices. This align-
ment not only supports the models’ effectiveness in relation to physicians’ clinical
expertise but also promotes acceptance and trust among the medical community.
Moreover, ethical considerations including responsibility, data privacy, and pre-
diction biases are crucial when implementing AI models in healthcare. Utilising
formal verification methods to evaluate the reliability and resilience of these sys-
tems can improve their safety and trustworthiness, especially in vital domains
such as healthcare, where errors may yield substantial repercussions. Future
study should to concentrate on incorporating these methodologies into the ad-
vancement of machine learning applications to enhance their dependability and
promote their implementation in healthcare environments.
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CHAPTER 6

Conclusion

This research evaluated a dual-path neural network that combines a WaveNet
submodel and a BiLSTM submodel with channel-wise attention for the clas-
sification of seven seizure types using EEG data. We conducted classification
directly on raw EEG signals by employing a new dataset and innovative data
preparation approaches, bypassing conventional feature extraction methods. Our
dual-path methodology attained an average F1-score of 96% in seizure-level clas-
sification and 63% in patient-level classification. The results indicate successful
classification of seizure types among patients and encouraging generalisation to
novel patients, notwithstanding difficulties arising from inter-patient variabil-
ity. Although not entirely nove, our results highlight the possibility of utilising
raw EEG data without feature extraction, hence streamlining the data processing
pipeline. The integration of WaveNet and BiLSTM architectures, supplemented
by channel-wise attention, improved generalisation relative to individual submod-
els. Our research contributions to the field by demonstrating the usefulness of the
dual-path architecture, highlighting the promise of innovative data preprocess-
ing, and providing insights into model generalization challenges. Future work may
concentrate on improving patient-specific sensitivity through the integration of
larger and more heterogeneous datasets, applying data augmentation techniques,
and the optimisation of the model to more effectively manage variability among
patients.
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