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A B S T R A C T   

Epilepsy affects over 50 million people globally. Electroencephalography is critical for epilepsy diagnosis, but 
manual seizure classification is time-consuming and requires extensive expertise. This paper presents an auto
mated multi-class seizure classification model using EEG signals from the Temple University Hospital Seizure 
Corpus ver. 1.5.2. 11 features including time-based correlation, time-based eigenvalues, power spectral density, 
frequency-based correlation, frequency-based eigenvalues, sample entropy, spectral entropy, logarithmic sum, 
standard deviation, absolute mean, and ratio of Daubechies D4 wavelet transformed coefficients were extracted 
from 10-second sliding windows across channels. The model combines multi-head self-attention mechanism with 
a deep convolutional neural network (CNN) to classify seven subtypes of generalized and focal epileptic seizures. 
The model achieved 0.921 weighted accuracy and 0.902 weighted F1 score in classifying focal onset non-motor, 
generalized onset non-motor, simple partial, complex partial, absence, tonic, and tonic-clonic seizures. In 
comparison, a CNN model without multi-head attention achieved 0.767 weighted accuracy. Ablation studies 
were conducted to validate the importance of transformer encoders and attention. The promising classification 
results demonstrate the potential of deep learning for handling EEG complexity and improving epilepsy diag
nosis. This seizure classification model could enable timely interventions when translated into clinical practice.   

1. Introduction 

The International League Against Epilepsy defines epilepsy as a 
temporary episode of signs and symptoms brought on by erratic 
neuronal activity and abnormal neural synchronization in the brain [1]. 
It is the most prevalent chronic brain neurological disorder, affecting 
over 50 million individuals globally due to the excessive electrical ac
tivity of the brain cells, and is characterized by epileptic seizures [2]. 
These epileptic seizures cause loss of consciousness, which may be 
implicated neurologically, physiologically, socially, and cognitively. 
There may be a mortality risk without competent monitoring and 
diagnosis [2]. 

The electroencephalogram (EEG) analysis is the gold-rated standard 
for diagnosing individuals with epilepsy [3]. However, it is laborious, 
time-consuming, and prone to error for a neurologist to visually observe 
and diagnose epileptic seizures in an EEG report [4]. To reduce the 
amount of long-term EEG data that needs to be evaluated by neurolo
gists, it is crucial to develop an automated computer-aided system that 
allows patients and neurologists to identify and classify epileptic 

seizures [3,4]. Epileptic seizure classification from EEG signals requires 
a series of processes, including signal recording, data pre-processing, 
feature extraction, channel selection, classification, and performance 
analysis/decision-making. For classifiers to identify between various 
epileptic seizures correctly and accurately, appropriate and meaningful 
characteristics must be obtained due to the EEG signal’s complex pat
terns and visual similarity between epileptic and normal signals. 

Epilepsy classification is the most important clinical tool for diag
nosing a person experiencing seizures [5]. Every clinical consultation is 
impacted by it, but its influence also extends to basic and clinical epi
lepsy research as well as the creation of novel treatments [6]. The 
classification process has numerous benefits, such as providing a 
framework for identifying the patient’s seizure type, predicting the other 
types of seizures that are more likely, understanding the causes, and 
often determining their prognosis [7]. The classification also foretells 
the risk of comorbid conditions like learning difficulties, intellectual 
disabilities, mental traits like autistic spectrum disorder, and mortality 
risk like sudden unexpected death in epilepsy. Notably, classification 
often influences the choice of anti-epileptic treatments [8]. 
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The epilepsy type level comprises generalized epilepsy, focal epi
lepsy, combined generalized and focal epilepsy, and unknown epilepsy 
[9]. This paper focuses on two main types of epilepsy: generalized and 
focal. Generalized epilepsy originates in neural networks (NNs) that 
involve both hemispheres of the brain. It is characterized by bilateral 
symmetrical seizure activity [2]. Some examples of generalized seizure 
types are absence (petit mal), myoclonic, atonic, tonic, and tonic-clonic 
(grand mal) [9]. Focal epilepsy, previously called partial epilepsy, 
originates in just one hemisphere of the brain. It is characterized by 
lateralized or regional seizure activity [2]. Some examples of focal 
seizure types are simple partial, complex partial, and secondarily 
generalized [10]. 

This research is based on the classification of seven seizure types – 
focal onset non-motor seizures (FNSZ), generalized onset non-motor 
seizures (GNSZ), simple partial seizures (SPSZ), complex partial sei
zures (CPSZ), absence seizures (ABSZ), tonic seizures (TNSZ), and tonic- 
clonic seizures (TCSZ) [1]. Key differences between generalized and 
focal seizures are their characteristics and origin in the brain. General
ized seizures affect both hemispheres with bilaterally synchronous dis
charges on EEG. Focal seizures begin in a single area with unilateral or 
regional EEG abnormalities [9,10]. This paper provides a classification 
framework based on EEG characteristics for these seven epileptic seizure 
types across the generalized and focal epilepsies. 

Accurately distinguishing between generalized and focal seizure 
types has important clinical implications that motivate the development 
of automated EEG classification systems. Identifying whether seizures 
originate diffusely or regionally guides prognosis, since generalized 
epilepsies typically have less favorable outcomes and higher treatment 
resistance [1,2]. Seizure type also informs optimal medication selection, 
as certain drugs work preferentially for generalized versus focal seizures 
[3]. Furthermore, recognizing focal onset seizures localized to one 
hemisphere or lobe is crucial for surgical evaluation, as resection may 
cure medication-refractory cases [4,5]. Automated seizure classification 
from EEG signals can assist clinicians in making more informed diag
nostic and therapeutic decisions. This work develops deep learning (DL) 
models to accurately classify seven major generalized and focal seizure 
morphologies based on differences in their EEG patterns. Successfully 
classifying these seizure types demonstrates the utility of AI for 
improving clinical analysis of epilepsy. 

2. Literature review 

EEG-based automated seizure detection and classification has 
emerged as a promising technique to assist clinicians in diagnosis, 
monitoring and treatment of epilepsy [8,10]. This section first outlines 
the traditional machine learning methods for seizure detection, high
lighting their limitations in multi-class classification, and then discusses 
recent advancements in multi-class seizure classification using DL 
techniques like convolutional neural networks (CNNs) and long short- 
term memory (LSTM) for automated multi-class seizure classification 
on the Temple University Hospital Seizure Corpus (TUSZ) [11–15]. It 
also analyzes state-of-the-art techniques, compares classification per
formance across focal, generalized and multiple seizure types, and dis
cusses challenges and limitations in generalizing models to clinical 
practice. 

2.1. Seizure detection and prediction 

Seizure detection and prediction are critical for timely therapeutic 
interventions in epilepsy patients [11]. Early approaches relied on hand- 
crafted features from wavelet and chaos analysis to design statistical 
classifiers. However, DL methods like CNNs and LSTMs have dominated 
recent research. Acharya et al. [12] proposed a 13-layer CNN architec
ture for automated seizure detection on EEG signals, achieving over 95% 
accuracy. Khan et al. [13] implemented an LSTM network combined 
with empirical mode decomposition, attaining 96.5% sensitivity for 

seizure detection. Although significant progress has been made, real- 
time seizure prediction remains challenging. Factors like patient- 
specific neural signatures and inter-subject variability impact consis
tency [14]. Domain adaptation techniques that account for distribution 
shifts have potential to enhance generalization capability. More 
recently, DL has opened new avenues for accurate seizure detection, 
laying the foundations for reliable prediction and responsive neuro- 
modulation [15,16]. 

2.2. Seizure classification 

Seizure classification using EEG signals has been an active area of 
research, with studies investigating various methodologies to accurately 
identify different seizure types. Researchers have focused on developing 
automated systems that can aid clinicians in diagnosis and treatment 
[14–20]. 

2.3. Deep convolutional networks 

Deep CNNs have emerged as a popular technique for seizure classi
fication. Sriraam et al. [17] proposed a CNN framework to classify seven 
seizure types and non-seizure, achieving a classification accuracy of 
82.14%. More complex CNN architectures like AlexNet, VGG16, VGG19 
were explored by Raghu et al. [18], with the best accuracy of 88.30% 
using InceptionV3. Asif et al. [19] developed SeizureNet using an 
ensemble CNN architecture and obtained a weighted F1 score of 0.95 
across multiple seizure types. Priyasad et al. [20] implemented a deep 
CNN with SincNet and Conv1D layers, extracting features directly from 
EEG without preprocessing and achieved an average weighted F1 score 
of 0.967. 

Early breakthroughs using spiking neural networks by Ghosh- 
Dastidar and Adeli [21,22] highlighted supervised neural models for 
spike pattern detection. Recent surveys by Gu and Adeli [23] demon
strate deep convolutional networks substantially improve seizure 
detection versus earlier methods. However, challenges remain in model 
optimization, validation, and interpretability. Hybrid systems 
combining neural networks with wavelet feature extraction have po
tential to leverage the strengths of both techniques [24,25]. 

2.4. Wavelet-Based approaches 

Wavelet transforms have been widely used for feature extraction in 
seizure classification. Pioneering work by Adeli et al. [26] first demon
strated wavelet methods for EEG decomposition and epilepsy diagnosis 
using discrete Daubechies and harmonic wavelets. Further studies like 
Sharma et al. [27] and Faust et al. [28] combined wavelet transforms 
with statistical features or neural network classifiers to detect seizures 
from EEG with over 90% accuracy. Saputro et al. [29] extracted features 
using mel-frequency cepstral coefficients and wavelet analysis, attaining 
a classification accuracy of 91.40%. Wijayanto et al. [30] employed 
empirical mode decomposition and wavelet features, achieving an ac
curacy of up to 93.33% with SVM classifier. Albaqami et al. [31] 
compared dual-tree complex wavelet transform, discrete wavelet 
transforms and wavelet packet decomposition, achieving highest 
weighted F1 score of 0.958 using statistical features. 

2.5. Semi-Supervised and transfer learning 

Semi-supervised learning using pretrained models has shown 
promise for seizure classification. Tang et al. [32] implemented a self- 
supervised pretraining strategy with diffusion convolutional RNNs, 
obtaining a weighted F1 score of 0.749. Transfer learning with CNNs like 
VGG16, GoogLeNet, ResNet was explored by Raghu et al. [14], achieving 
a maximum accuracy of 88.30%. Dang et al. [33] utilised transfer 
learning with multi-model classification probability fusion, attaining a 
weighted F1 score of 0.976. 
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2.6. Ensemble and hybrid models 

Researchers have developed ensemble and hybrid models combining 
multiple techniques to improve classification performance. Liu et al. 
[34] proposed a hybrid bilinear DL model using CNN and RNN feature 
extractors, achieving a weighted F1 score of 0.974 for multi-class seizure 
classification. Asif et al. [15] implemented an ensemble architecture 
with multi-spectral feature embedding, obtaining a weighted F1 score of 
0.95. Cao et al. [35] introduced a hybrid deep network with adversarial 
learning, attaining a classification accuracy of 94.70%. 

Recent studies have developed deep neural networks like CNNs and 
transformers for automated seizure detection from EEG signals. Bhat
tacharya et al. [36] implemented a deep transformer model to predict 
seizures, achieving over 90% accuracy. Liu et al. [37] proposed a 
channel-perturbation CNN combined with LSTM for patient- 
independent seizure detection. Zhou et al. [38] introduced a self- 
organising fuzzy logic system for both patient-specific and cross- 
patient seizure recognition with strong performance. These works 
demonstrate capabilities of DL for robust EEG analysis and seizure 
recognition across diverse patient cohorts. However, standardized 
benchmarking on public datasets is needed to better compare strengths 
of different architectures and training mechanisms. 

Another focus has been multi-modal neural networks that fuse 
different feature types for enhanced seizure detection. Yu et al. [39] 
developed a model combining CNN, LSTM, and transfer learning on 
multi-spectral EEG features, attaining high sensitivity and specificity. 
Wang et al. [40] introduced a dual-modal information bottleneck 
network integrating both EEG and ECG data, improving generalizability. 
Hybrid systems that leverage complementary modalities like neuro
imaging show promise in mitigating challenges like variability across 

patients. But more research is required to determine optimal fusion 
strategies and sensor combinations tailored to seizure morphology. 

Recent studies has also explored techniques to improve model opti
mization, evaluation, and clinical applicability. Nhu et al. [41] achieved 
an F1 score of 0.80 for interictal epileptiform discharge detection using 
CNN-transformer networks with multi-center EEG data and standard
ized protocols. Peh et al. [42] evaluated models across six centers to 
enhance generalizability. Zhao et al. [43] focused on developing inter
pretable attention-based networks that can explain seizure recognition. 
Such efforts are critical to translate advances into clinical impact. 
However, regulatory hurdles, clinician trust, and ethical considerations 
remain key barriers to real-world adoption. 

2.7. Challenges and limitations 

Despite significant progress, automated multi-class seizure classifi
cation remains challenging. Most studies have been performed on 
limited datasets, and model performance drops significantly under 
patient-specific cross-validation [44]. Class imbalance is another 
persistent issue, with researchers resorting to oversampling minority 
classes. There is a need for large multi-center datasets and standardized 
evaluation protocols to advance the field [14–18]. Generalizability to 
diverse patient populations is an open problem. Interpretability of 
complex DL models also needs to be enhanced for practical clinical 
adoption [45]. Therefore, seizure classification is a promising area but 
requires further research to address existing limitations. 

3. Research methodology 

This section details the methodology used in this work for multi-class 

Fig. 1. The methodology flow diagram showing 6 main stages: (1) EEG data acquisition from Temple University Seizure Corpus (ver. 1.5.2), (2) preprocessing of the 
EEG signals, (3) feature extraction, (4) feature partition for training and testing, (5) training and evaluation of the proposed model, and (6) seizure-type classification. 

T.S. Gill et al.                                                                                                                                                                                                                                    



Epilepsy & Behavior 155 (2024) 109732

4

seizure classification from EEG signals. The overall workflow is shown in 
Fig. 1. First, EEG recordings are obtained from TUSZ ver. 1.5.2 con
taining annotations for seven seizure types (as shown in Table 2). 
Relevant EEG channels are selected and pre-processed through down
sampling and filtering. The continuous signals are then split into seg
ments to enable feature extraction on local windows (see Fig. 4). A CNN 
combined with a Multi-Head Attention (MHA) mechanism is proposed 
as the classification model (see Fig. 5). CNN automatically learns to 
extract spatial features, while the MHA learns to focus on relevant parts 
of the input sequence. After training on 70% of the data, the model 
performance is evaluated on the remaining 30% across various metrics. 
Multiple experiments are conducted by modifying model parameters 
and architectures. The optimized model is finally utilized for automated 
multi-class seizure classification on EEG test data. 

The subsequent sub-sections will elaborate on the dataset, imple
mentation specifics of the various data processing blocks, model archi
tecture details, training methodology, performance evaluation metrics 
and results. The modular pipeline provides a structured framework to 
use DL for enhanced EEG-based diagnosis of epilepsy. 

3.1. Dataset Description 

This study uses TUSZ ver. 1.5.2, the largest publicly available dataset 
of multi-channel EEG recordings with annotated seizure events (see 
Table 1) [43,45]. The TUSZ contains over 30,000 EEG recordings 
collected since 2002 from 1,842 patients in various hospital settings, 
digitized at 250–1024 Hz with up to 128 channels in the conventional 
10–20 system (see Fig. 2) [44]. It includes documentation like medical 
history and clinician reports to enable annotation of multiple seizure 
types. The training set has 4,599 EEG files with 2,377 marked seizures, 
predominantly focal non-specific (65%) and generalized non-specific 
(17%). The development and evaluation sets have 1,013 and 1,023 
files respectively, with similar seizure type distributions [45]. 

As the only open-source EEG database with annotations for diverse 
seizure types, the TUSZ has been utilized in most state-of-the-art seizure 

detection and classification research. The multi-channel recordings 
contain real-world artifacts, and the varied collection environments and 
electrode configurations enable robust model development [41]. The 
annotated seizure events with detailed markings of onset, duration, and 
type are invaluable for benchmarking classification performance on 
focal, generalized, and mixed-type seizures. By using the TUSZ’s clinical 
documentation, this study can correlate EEG signals with ground-truth 
seizure diagnoses to accurately detect and classify the seven key sub
types – FNSZ, GNSZ, SPSZ, CPSZ, ABSZ, TNSZ, and TCSZ (see Table 2). 

3.2. Data preparation and preprocessing 

Before the feature extraction process, a series of preliminary steps 
were carried out to prepare the data for subsequent phases (see Fig. 1). 
The raw multi-channel EEG signals were loaded into the memory from 
the European Data Format (EDF) files and the EEG channels common to 
all the files were identified [46]. For each file, clinically-relevant EEG 
channels, consistent with those identified were loaded to reduce 
dimensionality and focus on channels known to provide useful signal 
content. The sampling frequency and channel names were also retrieved 
from the EDF file metadata. To generate the corresponding seizure event 
labels, the annotation files were loaded separately. These provide the 
start and end times of seizure events which were read and aligned time- 
wise with the raw EEG data (see Fig. 3). 

The continuous raw EEG was then downsampled to 128 Hz from its 
original sampling rate if over 256 Hz to limit computational re
quirements while retaining sufficient signal quality. Bandpass filtering 
was applied to the data to extract frequencies between 1 Hz and 30 Hz, 
with known relevance for characterizing different seizure types [47]. 

Table 1 
Seizure type descriptions for TUH EEG Seizure Corpus (TUSZ) ver. 1.5.2 [28].  

Label Seizure 
Type 

Signs Locality Description 

FNSZ Focal Non- 
Specific 
Seizure 

Electrographic Hemispheric/ 
Focal 

Focal seizures which 
cannot be specified 
with its type 

GNSZ Generalized 
Non-Specific 
Seizure 

Electrographic Generalized Generalized seizures 
which cannot be 
further classified 
into one of the 
groups below 

SPSZ Simple 
Partial 
Seizure 

Clinical & 
Electrographic 

All Partial seizures 
during 
consciousness; type 
specified by clinical 
signs only 

CPSZ Complex 
Partial 
Seizure 

Clinical & 
Electrographic 

All Partial seizures 
during 
unconsciousness; 
Type specified by 
clinical signs only 

ABSZ Absence 
Seizure 

Clinical & 
Electrographic 

Generalized Absence discharges 
observed on EEG; 
patient loses 
consciousness for 
few seconds (petit 
mal) 

TNSZ Tonic Seizure Clinical & 
Electrographic 

All Stiffening of body 
during seizure (EEG 
effects disappear) 

TCSZ Tonic Clonic 
Seizure 

Clinical & 
Electrographic 

All At first stiffening 
and then jerking of 
body (grand mal)  

Fig. 2. The 10–20 system for EEG electrodes positioning used in the TUSZ 
ver. 1.5.2. 

Table 2 
Distribution of the seven seizure types under consideration in TUSZ ver. 1.5.2 
[32].  

Seizure Type Seizure Events Duration (mins) No. of Patients 

FNSZ 1836 2019 150 
GNSZ 583 995 81 
SPSZ 52 36 3 
CPSZ 367 605 41 
ABSZ 99 14 12 
TNSZ 62 20 3 
TCSZ 48 92 12  
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Each channel was also z-normalized to have zero mean and unit variance 
to account for differences in units and variability across the different 
EEG channels. The filtered continuous data was then segmented into 
smaller, overlapping segments or ‘windows’ of 10 seconds, which helped 
transforming the continuous EEG recordings into a format that facili
tates feature extraction on a per-window basis. 

3.3. Feature extraction 

The feature extraction phase was a critical step to convert the raw 
EEG data into a machine-readable format that captures the underlying 
physiological processes (see Fig. 4). In this phase, each windowed 
segment of EEG data was transformed into a multi-dimensional feature 
vector [48]. With the windowed EEG signals and label data, a set of 
features was extracted to enable learning informative representations 
for seizure classification. Simple statistical features like the mean, 
variance, skewness, and kurtosis of the amplitude were computed over 
sliding windows of 10 seconds to quantify changes in the amplitude 
distribution over time. These capture the presence of spikes, irregular 
activity, and similar statistical patterns that differentiate seizure types. 

Spectral power within standard clinical frequency bands, 1–4 Hz, 
4–8 Hz, 8–12 Hz, and 12–30 Hz is calculated to profile the band-specific 
energy (see Fig. 4). Relative power ratios between bands also highlight 
which frequencies exhibit the most pronounced activity. Dynamic 
bandpower ratios provided insight into the evolution of spectral content 
over time. Beyond basic statistical and spectral features, advanced 
methods were used to capture complex patterns within the EEG data. 
The Daubechies D4 transform was used to decompose the signal and the 
logarithmic sum of wavelet-transformed coefficients was calculated 

along with absolute mean, standard deviation and ratio of coefficients 
[49]. FFT-based correlation and eigenvalue features were calculated to 
capture the relationships between different frequency components. 
Similarly, time-domain correlation and eigenvalue features were used to 
understand the temporal relationships between different channels. 
These features offered a comprehensive view of the underlying brain 
activity, potentially increasing the discriminative power of the feature 
set for the classification task. 

3.4. Proposed model architecture 

The proposed neural network combines attention mechanism with 
the convolutional layers. The architecture consists of multiple trans
former encoder blocks that process the input through layer normaliza
tion, MHA, and feed-forward (FF) neural networks (see Fig. 5). These 
blocks are followed by a Global Average Pooling (GAP) layer and a series 
of fully connected layers, ending in a softmax output layer for classifi
cation. The values of the key hyperparameters used in the model are 
shown in Table 3. 

3.5. Input layer 

The input layer of the model expects a multi-dimensional tensor 
shaped according to the dimensions of the training data, which is typi
cally derived from EEG recordings. Specifically, the input shape is set 
according to the number of channels, time steps, and features in the EEG 
data [50]. This layer serves as the gateway for the neural network, 
enabling the model to take raw or preprocessed EEG signals and funnel 
them through subsequent layers for feature extraction and classification. 

Fig. 3. An example of EEG recording for complex partial seizure (CPSZ) from TUSZ ver. 1.5.2.  
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3.6. Transformer encoder blocks 

The heart of the proposed neural network model lies in its trans
former encoder blocks, which are designed to process the EEG data in a 
way that captures both local and global contextual information [51]. 

These blocks are iterative units composed of layer normalization, MHA, 
and FF neural networks. 

3.7. Normalization layer 

Before the data undergoes attention mechanisms, it is first normal
ized using a layer normalization technique [52]. The normalization 
layer standardizes the features by computing the mean and variance for 
each feature across the input, followed by a scaling and shifting opera
tion. The layer normalization is represented in (1): 

Xnorm = γ⋅
X − μ
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
σ2 + ∊

√ + β (1)  

where, X is the input to the layer, μ is the mean, σ2 is the variance, γ is 
the scale parameter, β is the shift parameter, and ∊ is a small constant for 
numerical stability, and is set to 1 × 10− 6 in the implementation. 
Normalization is crucial because it helps in stabilizing the training and 

Fig. 4. Feature extraction pipeline showing the extracted features in time domain, frequency domain, and time–frequency domain.  

Fig. 5. Architecture of the proposed model showing the five key layers along with the input dimensions of each (M represents the batch size).  

Table 3 
Hyperparameters used in the proposed model architecture.  

Hyperparameter Value 

Head size 256 
Number of attention heads 8 
Feed-forward dimension 512 
Number of transformer blocks 2 
MLP units 128 
MLP dropout 0.5 
Dropout 0.1 
Learning rate 1e-4  
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makes the model less sensitive to the initialization of parameters. 

3.8. Multi-Head attention layer 

The MHA layer is the basis of the transformer encoder and enables 
the model to focus on different parts of the input sequence simulta
neously [53,54]. The head size specifies the dimensionality of the query, 
key, and value vectors, while the number of heads determines the number 
of such sets. The model comprises 8 attention heads, each of size 256 as 
shown in Table 3. Each head computes its own attention scores and 
produces its own context vectors, which are then concatenated and 
linearly transformed (see Fig. 5) [55]. Dropout is applied after the 
attention layer to prevent overfitting. This involves randomly setting 
some of the layer’s outputs to zero during training, which aids in making 
the model more robust. A residual connection adds the original input 
back to the output of the attention layer. This helps in mitigating the 
vanishing gradient problem and allows for deeper models. The MHA 
mechanism is shown in (2) – (4): 

MultiHead(Q,K,V) = concat(head1, head2, ⋯ headh)
WO (2)  

where each head is shown as: 

headi = Attention
(
QWQ

i , KWK
i , VWV

i

)
(3) 

The scaled dot-product attention is: 

Attention(Q,K,V) = softmax
(

QKT
̅̅̅̅̅
dk

√

)

⋅ V (4) 

Here, Q, K, and V are the queries, keys, and values, WO,WQ
i , WK

i , and 
WV

i are parameter matrices, and dk is the dimension of the key. 

3.9. Feed-Forward network 

The last component of the transformer encoder block is the FF 
network, which consists of 1D convolutional layers (see Fig. 5) [51]. The 
first convolutional layer uses ReLU (Rectified Linear Unit) as its acti
vation function and has 512 filters with a kernel size of 1. This is fol
lowed by another convolutional layer that matches the output 
dimensions back to the input dimensions to maintain consistency and to 
facilitate the next residual connection. The FF network acts as a point
wise non-linearity applied to each position, essentially allowing the 
model to learn more complex representations of the data [56]. 

The FF network within the transformer block is described in (5): 

FFN(x) = max(0, x⋅W1 + b1)⋅W2 + b2 (5)  

where W1 and W2 are the weights of the first and second convolutional 
layers, and b1 and b2 are their biases. 

3.10. Global average pooling layer 

Following the series of transformer encoder blocks, the architecture 
employs a GAP layer. This layer significantly reduces the dimensionality 
of the feature maps, averaging each feature across its temporal dimen
sion [57]. The data format is set to channels-first to ensure that the 
pooling operation is conducted appropriately across the correct di
mensions. The GAP layer serves a dual purpose: it not only simplifies the 
model by reducing the number of parameters that subsequent layers 
need to learn but also minimizes the risk of overfitting by providing a 
form of feature abstraction. The GAP layer is represented in (6): 

GAP(X) =
1
N

⋅
∑N

i=1
Xi (6)  

where N is the number of features to pool over and Xi is the feature map 
of the ith channel. 

3.11. Fully connected layers 

After the GAP, the data flows through a set of fully connected layers, 
often termed Multi-Layer Perceptrons. These layers are designed to learn 
non-linear combinations of the high-level features extracted by the 
preceding layers [58]. Each unit in these layers uses a ReLU activation 
function to introduce non-linearities into the model. Dropout of 0.1 is 
also applied between these layers to further mitigate the risk of over
fitting. The fully connected layer is shown in (7): 

Y = max(0,XW+ b) (7)  

where X is the input, W is the weight matrix, b is the bias, and Y is the 
output. 

3.12. Output layer 

The final layer in the architecture is the output layer, designed spe
cifically for classification tasks. It employs a softmax activation function, 
which takes the raw output scores from the previous layer and converts 
them into probabilities [59]. The number of neurons in this layer cor
responds to the number of classes the EEG signals can be classified into. 
The softmax function ensures that the sum of the probabilities across all 
classes is one, providing a clear and interpretable output from the 
model. The output from softmax output is shown in (8): 

softmax(zi) =
ezi

∑K
j=1ezj

(8)  

where z is the input vector to the softmax function, and K is the number 
of classes. 

3.13. Model evaluation 

The dataset was split patient-wise in the 80:20 ratio, where 80% of 
the dataset was used for model training and 20% for evaluation. Since 
the classes are skewed, the proposed model was evaluated using 
weighted-average accuracy and F1 score to test the model’s robustness 
and practicality. 

3.14. Accuracy 

Accuracy (ACC) measures the overall proportion of correct model 
predictions across all classes as shown in (9) [59]. The model’s accuracy 
was computed on the held-out test set. Accuracy provides an intuitive 
measure of how often the model correctly classifies seizure types. 
However, accuracy can be misleading in contexts of significant class 
imbalance where always predicting the majority class yields high ac
curacy. Therefore, F1 score was used to ensure even rare classes were 
classified accurately and not skewing the results. 

ACC =
TP + TN

TP + TN + FP + FN
(9)  

3.15. F1 score 

The F1 score calculates the harmonic mean of precision and recall, 
providing a balanced metric combining both properties as shown in (10) 
[60]. The F1 scores for each seizure type are reported individually, as 
well as the weighted-average across types to summarize overall per
formance in Table 4. The F1 score accounts well for class imbalance by 
considering both false positives and false negatives. High F1 demon
strates that the model achieves both strong sensitivity in detecting true 
seizure cases, and high positive predictive value in avoiding false posi
tives. F1 scores close to 1 indicate excellent classification since the 
model is both detecting most real cases and rarely predicting incorrect 
labels. The F1 score was as the primary metric for model selection during 
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hyperparameter tuning given its robustness to skew. 

F1 =
TP

TP + 1
2 (FP + FN)

(10)  

4. Results 

4.1. Experimental settings 

In this study, all experiments were conducted using a high- 
performance Dell Precision 5550 workstation with an 11th generation 
Intel Core i7 processor, 32 GB RAM, and 1 TB SSD. The models were 
trained on 80% of the total dataset for all experiments (unless otherwise 
stated) and evaluated on the unseen test set which was 20% of the 
dataset. 

4.2. Performance evaluation 

The proposed model achieved an overall weighted accuracy of 92.1% 
across all seizure types on the held-out test set. The class-averaged F1 
score was 90.2%, providing a balanced measure of performance (see 
Table 3). Both metrics indicate promising generalization, with the ma
jority of seizures correctly classified by seizure type [61]. The confusion 
matrix on the test set further illustrates the breakdown of predictions 
across classes [59]. Most seizures were correctly identified, with some 
confusion between particular types as expected from their electro
graphic similarities. 

The model performance was assessed for each individual seizure 
class to determine if certain types were classified more accurately (see 
Table 3). FNSZ were detected with 92% accuracy and F1 score of 89.7%, 
indicating the model reliably identified this most frequent class [62]. 
Accuracy was also strong at 94.9% for GNSZ [63]. However, the rarer 
seizure types proved more challenging. The model achieved the lowest 
scores of 87.5% accuracy and 87.6% F1 for TCSZ. This per-class analysis 
indicates where model improvements should be targeted. However, the 
strong individual class performance demonstrates the model’s classifi
cation capabilities across diverse seizure morphologies. Further analysis 
of incorrectly classified cases revealed patterns causing errors. For 
example, FNSZ with muscle artifact were sometimes mislabeled as TCSZ. 
Using amplifier noise and muscle contamination as model features could 
prevent these false positives [61]. 

4.3. Ablation study 

Ablation experiments were performed to validate the core mecha
nisms in the proposed model and select appropriate hyperparameters 
that balance accuracy, efficiency, and generalization [64]. The goal was 
to empirically derive insights into the model’s behavior that could guide 
improvements. 

4.4. Model capacity 

The impact of model capacity was evaluated by reducing the number 
of trainable parameters. Decreasing the transformer head size from 256 

to 64 dimensions decreased accuracy from 92.1% to 82.4% while 
improving training time (see Table 5). Using fewer attention heads also 
reduced accuracy. The smaller model still performed reasonably but the 
higher capacity architecture better captured subtle seizure patterns. This 
demonstrates a tradeoff between representational power and computa
tional efficiency that should be tuned based on requirements [65]. 

4.5. Attention mechanism 

Attention mechanism ablation assessed the importance of MHA for 
seizure feature learning [66]. The transformer encoders were replaced 
with a basic CNN, removing the attention components (see Table 5). 
This significantly reduced accuracy from 92.1% to 76.7%, validating 
attention’s value. By enabling focus on salient input relationships, 
attention provides more discriminative representations than convolu
tional feature extraction alone. The results empirically highlight atten
tion as a core model mechanism. 

4.6. Regularization 

The model’s regularization and generalization capabilities were 
evaluated by modifying key hyperparameters (see Table 5). Increasing 
the dropout rate from 0.1 to 0.3 introduced more randomness but had 
minimal impact on accuracy, only decreasing it within 3–4%. This 
demonstrates the model can regularize well even with high dropout 
[67]. 

5. Discussion 

The proposed attention-based deep CNN achieved strong perfor
mance in automated seizure classification, with 92.1% weighted accu
racy and 90.2% F1 score across diverse EEG recordings in the TUSZ ver. 
1.5.2 [33]. The attention-based CNN demonstrated effective learning of 
discriminative patterns to distinguish FNSZ, GNSZ, CPSZ, and ABSZ 
[62,63]. Ablation studies provided insights into model optimization, 
highlighting the importance of transformer encoders and MHA for 
maximizing classification accuracy. 

5.1. Research contribution 

This research focuses specifically on classification of 7 major sub
types of clinical relevance across the focal and generalized categories 
using their differences in EEG patterns. The proposed deep CNN archi
tecture with multi-head self-attention is designed to capture both spatial 
and temporal relationships in EEG signals. It builds on recent advances 
in transformer networks for enhanced feature learning [74,76]. The 
model is rigorously evaluated on the extensive TUSZ ver. 1.5.2 using 
proper cross-validation protocols to assess real-world efficacy [33]. This 
work moves beyond seizure detection to address the specialized and 
clinically valuable task of automated multi-class classification. The 
optimized neural network demonstrates the capabilities of AI for char
acterizing epileptic seizures and assisting diagnostic decision-making. 

5.2. Practical implications and limitations 

The promising results validate the potential of DL for automated 
seizure classification from EEG. The model performance aligned with 
recent literature demonstrating accuracies exceeding 90% on the TUSZ 
ver. 1.5.2 using advanced neural networks (see Table 6) [68,69]. The 
confusion matrix revealed clinically expected overlaps between partic
ular seizure morphologies reflecting their electrographic similarities 
[59]. However, rare seizure types like TNSZ proved most challenging, 
indicating opportunities to tailor model improvements towards better 
feature learning for minority classes [61]. Despite the challenges, the 
findings reinforce deep CNN with attention mechanisms as state-of-the- 
art approaches for handling the complexity of EEG data for seizure 

Table 4 
Results obtained for multi-class classification of the seven seizure types.  

Seizure Type Accuracy F1 score 

FNSZ  0.920  0.897 
GNSZ  0.949  0.920 
SPSZ  0.929  0.911 
CPSZ  0.900  0.902 
ABSZ  0.893  0.876 
TNSZ  0.875  0.898 
TCSZ  0.898  0.889 
Weighted-average  0.921  0.902  
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classification. This could pave the way for real-time monitoring systems 
that alert clinicians whenever a patient’s seizure type changes, enabling 
rapid personalized interventions. 

A key strength of the proposed model is its utilization of MHA, which 
enables seizure-specific feature learning from EEG inputs by focusing on 
relevant spatial and temporal relationships [17,68]. The transformer 
architecture extracts higher-level representations compared to standard 
CNNs, boosting classification performance [69]. Techniques like layer 
normalization and residual connections aid training convergence and 
stability [70]. The model generalizes well due to regularization through 
dropout and early stopping [71]. It achieves balances between accuracy 
and efficiency that can be tailored based on computational constraints 
[72]. The modular architecture also allows flexibility, where compo
nents can be modified or expanded as classification needs evolve. 

Despite promising results, several limitations present opportunities 
for future work. The model could be improved by using raw EEG instead 
of hand-engineered features, enabling end-to-end learning [73]. Class 
imbalance remains a concern, which oversampling, or loss weighting 
could address [74]. Though the TUSZ is extensive, testing on more 
heterogeneous EEG data would further validate model robustness [75]. 
Attention visualization techniques could provide interpretability 
regarding how the model focuses on salient seizure morphology [76]. 
Architectural enhancements like convolutional feature extractors or 
recurrent layers may boost performance [31]. Moreover, deploying the 
model in clinical environments and longitudinal trials would be essen
tial for assessing real-world efficacy in assisting diagnostics and closed- 
loop interventions. 

6. Conclusion and future work 

This work developed an attention-based deep CNN for automated 
multi-class seizure classification from EEG signals. The model was 
trained and tested on the extensive TUSZ, using expert annotations for 
four key generalized seizure types. The transformer architecture with 

normalization and MHA achieved over 90% accuracy in classifying 
complex seizure morphologies. Ablation studies provided insights to 
guide architecture optimization and training strategies. 

Automated seizure classification can significantly improve diag
nostic workflows and improve treatment for epilepsy patients [77]. DL 
promises clinically useful performance as showcased by these results 
[68]. By quickly and accurately discriminating seizure types, such sys
tems could enable timely interventions and reduced monitoring burdens 
[75]. Reliable classification also facilitates personalized medication se
lection and seizure control [78]. This work demonstrates transformers 
and attention as promising techniques for handling EEG complexity. 
Further optimization could make these models suitable for deployment 
in ICUs and wearables for real-time monitoring [79]. Therefore, 
advanced neural networks present new possibilities for enhancing epi
lepsy management and quality of life for patients through data-driven 
analytics. 

While this work focused on deep CNNs, the field of automated 
seizure classification is rapidly evolving. Promising new techniques like 
neural dynamic classification [80], dynamic ensemble learning [81], 
and finite element machines [82] have emerged for pattern recognition 
and time-series modeling. Using self-supervised learning [83] and other 
innovative algorithms could enhance performance and generalization. 
Competitive benchmarking of these methods in standardized frame
works would help evaluate their relative strengths and weaknesses on 
seizure morphologies. Moreover, evaluating synergistic fusion of com
plementary techniques may also unlock new capabilities exceeding in
dividual models. 

Future epilepsy research should continuously evaluate state-of-the- 
art machine learning paradigms beyond DL. Advances in model inter
pretability, uncertainty quantification, and trustworthiness will also be 
critical to translate these technologies from the lab to clinical practice 
[7,54]. However, multidisciplinary collaboration and infrastructure for 
robust real-world validation are imperative to instill confidence for 
clinical adoption [38–43]. This work aimed to demonstrate the potential 
of optimized NNs for multi-class seizure classification. But continued 
exploration of innovative techniques through collaborative efforts will 
be key to convert automated EEG analytics into real-world impact for 
patients. 
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Table 5 
Results of the ablation study conducted by varying head size, number of heads, and dropout1.  

Model Head Size Number of Heads Trainable Parameters Dropout Time/epoch (min) Weighted-Average Accuracy 

CNN with MHA 256 8 195,470 0.3  34.2  0.891 
256 6 188,302 0.3  25.6  0.863 
256 4 181,134 0.3  17.8  0.872 
256 2 173,966 0.3  9.4  0.873 
256 8 195,470 0.2  34.1  0.876 
256 8 195,470 0.1  34.9  0.921 
128 8 181,134 0.3  22.1  0.882 
64 8 173,966 0.3  15.5  0.824  

CNN without MHA N/A N/A 3,580 0  0.50  0.756 
N/A N/A 3,580 0.1  0.50  0.767 
N/A N/A 3,580 0.2  0.40  0.753 
N/A N/A 3,580 0.3  0.40  0.745  

1 The number of epochs and batch size were held constant at 10 and 4, respectively. 

Table 6 
Comparison of existing literature on seizure classification with present study.  

Author(s) Methods Number of Seizure 
Types 

Accuracy 
(%) 

Dwi Saputro et al.  
[21] 

SVM 4  91.40 

Sriraam et al. [17] CNN (AlexNet) 7  84.06 
Song et al. [14] PaHMM 7  81.00 
Raghu et al. [18] CNN 

(Inceptionv3) 
7  88.30 

Li et al. [29] CE-stSENet 7  92.00 
Shankar et al. [33] CNN 3  89.91 
Present Study MHA-CNN 7  92.10  
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