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ABSTRACT

Brain signal analysis from electroencephalogram (EEG) recordings is the gold standard for diagnosing various
neural disorders especially epileptic seizure. Seizure signals are highly chaotic compared to normal brain signals
and thus can be identified from EEG recordings. In the current seizure detection and classification landscape,
most models primarily focus on binary classification—distinguishing between seizure and non-seizure states.
While effective for basic detection, these models fail to address the nuanced stages of seizures and the intervals
between them. Accurate identification of per-seizure or interictal stages and the timing between seizures is crucial
for an effective seizure alert system. This granularity is essential for improving patient-specific interventions and
developing proactive seizure management strategies. This study addresses this gap by proposing a novel Al-based
approach for seizure stage classification using a Deep Convolutional Neural Network (DCNN). The developed
model goes beyond traditional binary classification by categorizing EEG recordings into three distinct classes, thus
providing a more detailed analysis of seizure stages. To enhance the model’s performance, we have optimized the
DCNN using two advanced techniques: the Stochastic Gradient Algorithm (SGA) and the evolutionary Genetic
Algorithm (GA). These optimization strategies are designed to fine-tune the model’s accuracy and robustness.
Moreover, k-fold cross-validation ensures the model’s reliability and generalizability across different data sets.
Trained and validated on the Bonn EEG data sets, the proposed optimized DCNN model achieved a test accuracy of
93.2%, demonstrating its ability to accurately classify EEG signals. In summary, the key advancement of the present
research lies in addressing the limitations of existing models by providing a more detailed seizure classification
system, thus potentially enhancing the effectiveness of real-time seizure prediction and management systems in
clinical settings. With its inherent classification performance, the proposed approach represents a significant step
forward in improving patient outcomes through advanced Al techniques.
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1 Introduction

Epilepsy is a chronic neurological disorder marked by recurrent seizures due to sudden electrical
discharges in the cerebral cortex. Seizures can range from minor muscle twitches to severe, life-
threatening events. Diagnosis typically involves tools such as electroencephalogram (EEQG), stereo-
electoencephalograpy (SEEG), computerized tomography (CT), magnetic resonance imaging (MRI),
positron emission tomography (PET), and single photon emission computed tomography (SPECT),
with EEG being the most cost-effective and accessible for monitoring brain activity. Conventionally,
epilepsy is diagnosed from EEG analysis, and antiseizure medication is prescribed for epilepsy patients
[1,2]. Despite its advantages, traditional EEG-based seizure detection has limitations due to the need
for prolonged recording periods, making it a challenge to capture infrequent seizure events, mainly
if they occur irregularly or the patient delays seeking medical attention. Prolonged medicine intake-
induced resistance and discomfort-induced medication discontinuation are additional hurdles [3]. The
limitations of conventional methods underscore the importance of seizure prediction and management
advancements. Recent developments in miniaturized medical devices and artificial intelligence have
significantly enhanced the ability to understand and predict seizures on a patient-specific level. By
analyzing patterns in EEG signals, these technologies enable the early prediction of seizures, which
have profound clinical implications. The ability to predict seizures in real-time offers several critical
benefits, which include (i) Preemptive Alerts: Early prediction allows for the development of warning
systems that can alert patients and caregivers before a seizure occurs, providing time to take preventive
measures, (i1) Personalized Neurostimulation: Advanced systems can trigger neurostimulation devices
that deliver medication or other therapeutic interventions precisely when needed, potentially reducing
the frequency and severity of seizures, (iii) Reduced Medication Side Effects: By optimizing treatment
timing and dosage through real-time monitoring, patients may experience fewer side effects and a
lower risk of developing medication resistance. Integrating real-time seizure prediction and monitoring
systems can significantly improve patient outcomes by enhancing seizure management, reducing
treatment-related discomfort, and potentially saving lives [4].

Electroencephalograms (EEGs) play a crucial role in diagnosing and monitoring neurological
disorders such as epilepsy and parasomnias. One of the primary challenges in clinical settings is
differentiating between epileptic seizures and non-epileptic events. Epileptic seizures are paroxysmal
and involve hypersynchronous neuronal firing, leading to specific EEG patterns, whereas non-epileptic
events, such as syncope, benign sleep movements, parasomnias, breath-holding spells (BHS), Pallid
BHS, psychogenic nonepileptic seizures (PNES), Gastroesophageal reflux and alternating hemiplegia
[5,6]. These non-epileptic seizure events are identified as wicket spikes, benign epileptiform transients
of sleep, 6 Hz “phantom” spike-and-wave complex (PhSW), rhythmic mid-temporal theta of drowsi-
ness, positive occipital sharp transients of sleep, subclinical rhythmic EEG discharge in adults, 14 and
6 Hz positive spikes, repetitive vertex waves, breach rhythm in the EEG waveform [7]. Thus, a well-
annotated dataset could aid in efficiently distinguishing the various epileptic events from non-epileptic
seizure events. Distinguishing these accurately is essential for appropriate treatment. For instance, a
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model with high classification accuracy can significantly improve diagnostic precision by accurately
identifying epileptic seizures amidst various non-epileptic events. Consider a scenario where a patient
presents episodes of altered consciousness. An accurate Al-powered model could analyze the EEG
data and differentiate between epileptic seizures and benign events like breath-holding spells (BHS)
[8,9]. This capability reduces the likelihood of misdiagnosis and ensures that the patient receives the
correct intervention, optimizing therapeutic outcomes. This distinction is crucial for initiating timely
and appropriate treatment for epilepsy, such as antiepileptic drugs (AEDs) or surgical interventions [9].
Conversely, misidentification can lead to inappropriate treatments, exacerbating patient conditions, or
delaying necessary care.

Furthermore, integrating Al models with patient metadata enhances the context in which EEG
data is interpreted, providing a comprehensive view that can lead to better clinical decisions. Accurate
models enable clinicians to make informed decisions, improve treatment efficacy, and reduce the
burden of unnecessary interventions. In summary, the accuracy of EEG-based models is vital for
precise diagnosis and effective patient management, directly impacting treatment outcomes and overall
patient care.

An EEG recording of a seizure event is characterized by four phases: preictal, ictal, postictal,
and interictal. Each phase has distinct characteristics essential for differentiating between normal and
seizure states.

o Ictal Phase: This is the phase where the actual seizure activity occurs. It is characterized by
abnormal high-frequency discharges, manifesting as numerous fast EEG spikes. This activity is
markedly different from regular brain activity.

o Postictal Phase: Following the ictal phase, the postictal phase involves a return to normal brain
activity. However, as the brain recovers from the seizure, it may exhibit transient abnormalities.

o Preictal Phase: This phase precedes a seizure and is characterized by subtle changes in the EEG
that may indicate an impending seizure. These changes can include increased spikes or slow-
wave activity.

o Interictal Phase: The period between seizures is termed interictal. During this phase, EEG
recordings often show some degree of abnormality, such as interictal epileptiform discharges
(IEDs), which can help in predicting future seizures.

However, capturing IED activity necessitates studying a vast range of EEG recordings from a
patient. IED frequency of 60% to 90% is recorded in epilepsy patients and 12% in patients with
other cerebral disorders, and it is in the range of 0.5% to 2.5% in the case of healthy individuals
[10]. Studies reveal that in about 57% of localized epileptic seizure cases, an ictal onset with increased
frequency is observed. To gain knowledge about IED in patients and strengthen epilepsy diagnosis,
various activation methods like photic stimulation, hyperventilation, and sleep deprivation are used
while recording EEGs [11,12]. Though seizure events are highly irregular, precise analysis of EEG to
understand the similarity between seizure events and discriminating the seizure phases aid in predicting
seizure events 10 to 20 min before their onset. This is the objective behind seizure warning devices.
Primarily, EEG signals are studied by two different methods (i) direct analysis of EEG data or (ii)
using surrogate data analysis to study the non-linear behavior of EEG signals to understand their
inherent patterns [13,14].

Artificial intelligence techniques rely on learning from examples and thus are valuable tools in
predicting and forecasting outcomes by mapping the present input conditions with their learned
knowledge. Deep learning architectures like Convolutional Neural Networks (CNN) have shown
promising results in learning inherent patterns from images. In contrast, Recurrent Neural Networks
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(RNN) excel in learning time series data [1 5,16]. Such tools, when made to learn EEG recording, could
acquire knowledge about the patterns associated with the different phases of a seizure and enable
predicting a seizure early [17]. Though started with automating the diagnosis of a seizure event, state-
of-the-art seizure prediction tools could classify EEG recordings into different seizure phases, say
preictal, ictal, and normal, and use them for predicting a seizure onset [18,19]. Such systems could alert
patients about a seizure onset and, if integrated with electrical stimulation or drug delivery systems,
could control seizures effectively. Being introduced to the effects of epileptic seizure, the importance
of an early prediction and the capabilities of Al tools in seizure management, this paper presents
the results of a seizure classification and prediction model developed leveraging the benefits of deep
learning. The objective of the study is:

e To conduct an exhaustive literature review of the recent research in EEG signal studies for
anomaly prediction and seizure classification.

e To propose a novel methodology utilizing Deep Convolutional Neural Network (DCNN)
coupled with an efficient optimization followed by k-fold cross-validation for effectively identi-
fying EEG features while optimizing classification performance. The efficiency of stochastic
gradient-based optimization and evolutionary algorithm-based GA are studied to compare
convergence and prediction accuracy, and model robustness to new inputs is ensured by k-fold
cross-validation.

e To test and validate the proposed methodology on performance metrics like accuracy, precision,
recall AUC, and loss.

e To compare the proposed methodology with existing techniques, such as multi-layer perceptron
(MLP) and Support Vector Machine (SVM) techniques.

The article starts with a brief introduction to epileptic seizures in Section 1, followed by a review
of related works in Section 2. Section 3 discusses the input dataset, and the methods used for the
experiment. Section 4 details the proposed DCNN architecture, the two-level optimization, and the
algorithm. The results obtained from the experiment are presented in Section 5, and the conclusion is
presented in Section 6.

2 Related Work

Classification of seizures and the ability to detect them are areas that are still under investigation
in epilepsy. Proper identification will go a long way toward improving patient management. Due to
the challenges that arise from these approaches, several studies have used diverse strategies to analyze
EEG signals. This paper discusses previous research in this field, how past works interpret them, and
how our proposed method fills the gap.

In addition, Shoka et al. [5] discussed significant concepts and techniques of EEG seizure
detection and challenges, highlighting the need to enhance the classifier performance, considering
the impact of noise and data variability. Their work involved data preprocessing, feature extraction,
and classification based on machine learning techniques for classification. Still, it was challenged
by issues of time and accuracy in classifying samples. Although they achieved improved detection
rates, their work highlights a recurring problem in existing methods, a few of which are in areas that
may cause difficulties in the management of noise and variability of signals to accurate the seizure
classification in EEG. On a similar note, Ramakrishnan et al. [6] studied localization-related epilepsies
based on EEG records regarding patterns and seizure semiology. Thus, although their studies enhanced
assessment abilities, they were limited by small numbers of cases and variability in patient conditions.
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Such limitations indicate that findings may not be generalizable. This remains a gap in literature in
terms of extensibility and strength.

Furthermore, Foldvary et al. [7] examined ictal EEG in focal epilepsy; 486 recordings were studied
to determine localization efficacy. They obtained 72% localization accuracy but pointed to possible
misinterpretations, such as occipital and parietal seizures. This indicates that achieving high accuracy
across the different SE types remains a fond dream, an area where our proposed method seeks to fill
the void through improved deep-learning methodologies. Similarly, Jaishankar et al. [10] proposed a
deep learning model based on adaptive grey wolf optimization (AGWO) and auto-encoder to obtain
99% accuracy in seizure forecasting. However, the small sample they used in their studies made it
difficult to decide whether the results could be generalized to other groups. Also, using the binary
dragonfly algorithm and deep neural network, Yogarajan et al. obtained ninety-nine percent accuracy;
however, they pointed out that the results may differ in different categories of patients [12]. Both studies
concluded that there is an acute need for models that would generalize well across various populations,
an area of interest for our work.

In addition, Mir et al. [16] proposed a deep convolutional autoencoder bidirectional long short
memory (DCAE-Bi-LSTM) model, which recorded an accuracy level of 99.8%, but this comes with a
high computational demand for real-time. Although their framework is compassionate and specific,
its computational complexity can hinder practical implementation. In the case of the proposed
optimized deep convolutional neural network (DCNN) method, we have considered both the high
accuracy of the deep learning method and the relative slowness of the process due to the complex
computations performed by the large number of neurons in the deep network in real-time applications.
Furthermore, Statsenko et al. [17] also engaged the TUSZ dataset and deep learning models, where the
sensitivity found was 87.7%, but they also found an issue in reduced electrode differentiation. Their
work indicates that people require better interpretation capabilities when using machine learning in
cases such as clinical applications. Our method is designed to improve interpretability while keeping
classification accuracy high—a gap that the current literature lacks. Furthermore, Pontes et al. [20]
discussed the idea of drifts in the seizure prediction performance in the machine learning algorithm.
They observed that performance discrepancies occurred among patients. Consequently, their work
indicates the need for models tailored to the patients and their variability. Likely, similar to the
work of Costa et al. [21], patient-specific algorithms could be a solution. Still, several problems
arise from the increased algorithmic density [22,23]. This strategy focuses on user-friendliness and
flexibility regarding patient-specific information, a singular development in the clinical domain.
Further, Ibrahim et al. [24] used multiresolution CNNs but pointed out that generalization is difficult
for individual patient disparity. It is clear from their work that dealing with a wide range of seizures
requires building relatively more complex models to design. Our proposed DCNN method directly
addresses this problem by using an optimal structure that boosts the feature extraction, thereby
generalizing other datasets.

Therefore, it can be concluded that although there have been improvements in the classification
of EEG seizures in prior studies, there are still some limitations, including generalization, real-time
implementation, and interpretability. These issues are evident in the current studies. They motivate
our novel optimized deep convolutional neural network that will give a better, more efficient, and
more understandable method for the identification of the stage of seizures. In addition to increasing
classification accuracy, our approach also broadens feature extraction and the model’s applicability to
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various patient sets, making our work a significant development in epilepsy care. List of past references,
including dataset, methodology, limitations, and results are presented in Table 1.

Table 1: List of past references including datasets, methodology, limitations and results

Reference Dataset Methodology Limitations Results
Shoka et al. [5], EG signals from Preprocessing, Noise interference, Improved
2023 epilepsy patients feature extraction, data variability, detection rates,

Ramakrishan
et al. [0], 2024

Foldvary et al. [7],

2022

Jaishankar
et al. [10], 2023

Yogarajan
et al. [12], 2023

Mir et al. [16], 2023

for seizure
detection analysis.

EEG recordings
from patients with
localization-related
epilepsies.

486 ictal EEG
recordings from 72
focal epilepsy
patients.

EEG recordings
from 23 subjects at
Children’s Hospital
Boston.

EEG signals with
normal, interictal,
and ictal
recordings
analyzed.

EEG data from
CHB-MIT and
authors’ collected
dataset.

classification using

machine learning
techniques.

Analyzed EEG
patterns and
seizure semiology
for localization
accuracy.

Analyzed ictal
EEG for
localization and
lateralization
patterns.

Deep learning with

AGWO and
auto-encoder for

feature extraction.

DNN with BDFA

for feature
extraction and
classification
enhancement.

DCAE-Bi-LSTM
model for
automatic seizure
detection and
analysis.

classification

accuracy, real-time

constraints.

Small sample size;

variability in

individual patient

presentations.

False localization

in occipital/parietal
seizures; potential
misinterpretations.

Limited sample
diversity; results

may not generalize

universally.

Performance may
vary with different
patient populations

or conditions.

May require
extensive
computational
resources for
real-time
application.

potential for
remote
monitoring
advancements.
Improved
diagnostic skills
and
understanding
of seizure
localization.
72%
localization
accuracy;
specific patterns
linked to lobe
origins.
Achieved 99%
accuracy;
reduced false
alarm rate and
prediction time.
Achieved 100%
accuracy;
effective
differentiation
using reduced
feature subset.
Achieved 99.8%
accuracy; high
sensitivity,
specificity, and
F1-score.

(Continued)
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Table 1 (continued)

Reference Dataset Methodology Limitations Results
Statsenkoetal.[17], TUSZ dataset used Deep learning Reduced electrodes Detection:
2023 for seizure models applied lowered 87.7%
detection and with differentiation; sensitivity;
classification. non-overlapping interpretability differentiation:
window technique. varies by electrode 95-100%
type. accuracy for
types.
Pontes et al. [20],  EPILEPSIAE Three Performance Best approach:
2024 database, 37 patient-specific varied among 0.75 sensitivity,
patients with seizure prediction  patients; concept  1.03 false
Temporal Lobe algorithms with drift detection positives per
Epilepsy. concept drift needed. hour.
adaptation.
Costa et al. [21], EPILEPSIAE Developed Variability in Forecasting
2024 database, 40 patient-specific patient response;  sensitivity
patients with algorithms for algorithm increased by
epilepsy included.  prediction and complexity may 146%;
forecasting hinder usability. improvement
comparisons. over chance
300%.
Ibrahim et al. [24], Children’s Hospital Multiresolution Generalization Sensitivity: 82%
2023 Boston-MIT and  CNN with may not account  (Boston-MIT),
American Epilepsy maximal overlap  for all individual ~ 85% (AES), low
Society datasets. discrete wavelet patient variations.  false prediction
transforms rates.
applied.

3 Materials and Methods
3.1 Dataset Description

Bonn Dataset: The Bonn time series dataset was first analyzed in [25] and is downloaded from [26],
and they are used to train and test the proposed DCNN model. Bonn dataset used for the experiment
is a collection of time series EEG data obtained from patients under five different conditions. Set ‘7’
and ‘O’ are obtained from healthy individuals awake and relaxed with eyes open (Z) and closed (O).
Thus, both ‘Z’ and ‘O’ hold EEG data under “Normal” conditions. Set ‘F’ and ‘N’ are obtained from
the epileptogenic zone and opposite hemisphere of epilepsy patient volunteers, respectively, under a
seizure-free state. Thus, ‘N’ and ‘F’ constitute the “Pre-seizure” condition. Whereas set ‘S’ is obtained
from Epilepsy patients under “Seizure” activity. Each of them has 100 EEG segments of 23.6 s. Each
EEG sample was recorded using the same 128-channel EEG amplifier system. After artifact removal,
the recordings were converted using 12-bit ADC and sampled at a rate of 173.61 Hz, resulting in 4096
samples for each EEG segment.

Summary of the Bonn time series dataset used for training the model is given in Table 2.
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Table 2: Constituents of bonn dataset

Dataset No. of records Class EEG source

7&0 200 Normal Healthy volunteers

N&F 200 Pre-seizure Epilepsy patients (seizure free state)
S 100 Seizure Epilepsy patients (seizure state)

The Bonn dataset contains EEG time series data stored in individual text files in five folders: Z,
N, O, F, and S. Each “.txt’ file has 4096 samples. The data samples are converted to a comma-delimited
format and stored in a ‘.csv’ file with their class labels for processing. A min-max scaler is used to
ensure a value range of 0 to 1, and the data is reshaped to a sequence with a length of 512. Samples of
EEG images reconstructed from time series are presented in Fig. 1.
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Figure 1: Samples from EEG inputs (a) normal state and (b) seizure state

EEG samples labeled Z and O are grouped and labeled as “Normal,” class samples labeled N and
F are grouped under the label “Interictal,” and S is labeled as “Ictal” to train the DCNN model for the
classification task. The input dataset is partitioned into 70%, 15%, and 15% for training, validation,
and testing phases. The dataset used for learning has an inherent imbalance with fewer samples under
the “seizure” class. This imbalance may drive the model to be biased towards the other classes. Thus,
class weights are assigned inverse proportion to the number of samples in each class to address this
imbalance.

New Delhi Dataset: The New Delhi dataset, detailed in Reference [27], was acquired from the
Neurology & Sleep Centre, Hauz Khas, New Delhi, and used for training and testing the model.
This dataset contains pre-processed and segmented EEG samples under ictal, preictal, and interictal
states obtained from 10 epilepsy patients at Neurology & Sleep Centre, Hauz Khas, New Delhi. EEG
signals were recorded at 200 Hz using a standard EEG acquisition system and filtered to obtain signals
between 0.5 and 70 Hz. These recordings are stored as MAT files, and each MAT file has 1024 samples
representing one EEG time series for 5.12 s. The MAT files are converted to “.csv” for training and
testing the proposed model.
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3.2 Feature Extraction

Convolutional Neural Networks (CNN) mimic the visual perception of biological systems where
simple cells extract features from small visual sub-fields and complex cells strive to combine features
from spatial neighborhoods. CNN can extract features from the inputs by performing convolution
of the kernel over the input matrix [28,29]. Each convolution layer has ‘n’ kernels (relatively smaller
than input) of a fixed size, which performs convolution over the input matrix and results in n-feature
maps. These feature maps are down-sampled in the consequent step to extract the most significant
features alone. Each of these CNN layers is realized by an arrangement of neurons with initial weights
and biases. As the network learns features from input and makes predictions, the prediction error is
computed, and the network weights and biases are updated after each training epoch. Thus, prediction
accuracy and faster convergence depend on how efficiently weights are updated. Therefore, optimizing
weights during backpropagation is beneficial and is used exhaustively in this study. Fig. 2 depicts the
structure of a generic CNN architecture.

G Convolution R
i Kernel Feature Flatten N
! Map — 3
! — [

Down-sampling

=i - | Classification
i | output

o L | Output layer

.\. | | ‘l.
\'\_ Input Layer Convolution Layer Pooling Layer ;
Y Fully Connected Layer #

Figure 2: Convolutional neural network model

Features extracted by convolution layer are down-sampled in order to select the most significant
features from the feature map. Such a selection is carried out by pooling layer by selecting the maximum
value or average of all pixels in the sub-field. Sub-fields are non-overlapping regions in the feature
map and the pooling kernel window fixes their size. Batch normalization helps improve learning
performance by providing a normalized output based on the current inputs mean and standard
deviation. Flattening converts the output retrieved after the desired number of convolutions and
pooling into a 1D array for being fed to the next classification layer. Flattened data is connected fully
to the output SoftMax layer and classified in to the desired number of classes.
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3.3 Optimized Learning and Robust Validation

Optimized model development demands tuning the model parameters and learning parameters by
an appropriate optimization algorithm based on the loss function. Weight optimization with robust
validation paves way for harvesting excellent outcomes from the model. Stochastic Gradient Descent
(SGD) is the most frequently used optimizer for parameter tuning when the training dataset is huge.
It calculates the model parameters from small batches of dataset instead of the whole. The parameter
update function is given by Eq. (1).

X; = X — ok kok Vf (xi-1) (1)

Here, o; is the step size and often decides model convergence rate. RMSProp algorithm computes
momentum over rescaled gradients to update parameters. Adam optimizer is a stochastic gradient
optimization algorithm variant that updates objective function based on the 1st and 2nd order
moments. The parameter update by Adam optimizer is based on Eq. (2).

m:
X=Xy — ok —— (2)

Mian + €

Here, m,;, and m,;, are the first order and second order moment estimates. These estimates are
calculated assuming two decay rates 8, and 8,. When decay rates are adjusted such that 8, = 0, (1—3,)
is extremely small and ¢; is modified Adam optimizer resembles Adagrad. Adam optimizer weight
updates scale the gradient in inverse proportion to their Euclidean Norm or L2 Norm which measures
the shortest distance from the origin. When this relationship is changed to a Loo Norm, AdaMax
optimization results. SGD demands more iterations to converge and often makes the model sluggish.
However, optimizations like Adam, Adadelta, Adagrad improves the model performance. Here, in this
work Adam optimizer and its variants are used for optimizing model convergence and finally Adam
optimizer is chosen for optimized model convergence.

4 Proposed DCNN Seizure Classification Framework

Automatic identification of seizures and classification of seizure states play a significant role in
developing automatic seizure prediction and alerting systems. Thus, this research seeks to classify
seizure stages into three classes, say normal, interictal, and ictal, by using a DCNN model [30,31].
The developed framework is based on a reduced complexity end-to-end CNN model that could
automatically learn the features from EEG time series data and classify the seizure stages. The
framework achieves faster convergence by adapting stochastic gradient-based/GA-based weight and
bias updates and ensures prediction accuracy using a robust validation technique. The model is
trained from the time series EEG recordings obtained from normal as well as epileptic subjects to
provide efficient learning of seizure features and surpasses current methods in terms of accuracy,
FPR, and sensitivity [32]. The search for the efficient model is extended beyond parameter tuning
to study the training hyperparameter. Validation aids in evaluating the model against new data and
returning the model learning parameters if needed. Robust validation ensures excellent classification
efficiency with reduced complexity. Numerous validation methods are available based on optimized
search algorithms: random search, grid search, and evolutionary search. In this experiment, a k-fold
cross-validation technique is adapted to retrieve the best model. The entire research pipeline is shown
below in Fig. 3.



CMC, 2024, vol.81, no.3 3913

Feature extraction Classification

J
o

C—

1 I
| I
1 I
I 1
(== ‘ Deep C L LN LN k | :
i eep Convolutional Neural Networ

‘ tlme b L B ' i / . Normal ;
series : o 48 : : : /m :
Bats /I .| processing  J; I~ 3 —— $ . i | I
) - i Y Stochastic || K-fold Cross Validation | | il |1 !
! : I Grad_ler!t bgsed based hyperparameter feating | ! Interictal !
1 -1\ optimisation L tuning )| ) ;
! [ 1 I I
I - || Geneticalgorithm | ictal I
| ! .| based optimisation . :

. IX
1 T ; ;

I -l

O T ’ ! __________________________________ - hoemm s mm s s - -—"

Figure 3: Workflow of proposed end-to-end DCNN model

4.1 Fast Converging DCNN Learning Model

Automating the seizure prediction task starts with identifying different seizure stages, say normal,
ictal, and interictal, and thus, an end-to-end deep convolutional neural network model capable of
learning the seizure features from EEG time series recordings is presented in this study. The DCNN
model used for classification uses six-level deep 1D convolutional layers followed by three-level dense
layers after flattening. Rectified Linear Unit (ReLU) activation introduces non-linearity in neural
network [33]. Such non-linearity helps in overcoming the vanishing gradient problem with model
training. ReLU relays all its positive inputs while making negative inputs zero. ReLU alters the values
alone, and the size of the feature map remains unchanged. Batch normalization is carried out after
each convolution to standardize the outputs and increase the generalization. The proposed DCNN
architecture is given in Fig. 4 and its constituent layers are presented in Table 3.
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Figure 4: DCNN architecture
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Table 3: Fast converging DCNN model layer specifications

Layer Output shape Kernal size Stride = 2 activation Parameter
Input (512, 1) 0

Conv 1D (256, 32) 3 RelLU 128
Batch normalization (256, 32) 64

Conv 1D_1 (128, 64) 3 ReLU 6208
Batch normalization (128, 64) 128

Conv 1D_2 (64, 128) 5 RelLU 41,088
Batch normalization (64, 128) 256

Conv 1D_3 (32, 256) 5 ReLU 164,096
Batch normalization (32, 256) 1024
Conv 1D_4 (16, 512) 7 ReLU 918,016
Batch normalization (16, 512) 2048
Conv 1D_5 (8, 1024) 7 ReLU 3,671,040
Batch normalization (8, 1024) 4096
Drop-out (8,1024) 0

Flatten 8192 0

Dense 4096 RelLU 33,558,528
Dropout _1 4096 0
Dense_1 2048 RelLU 8,390,656
Dropout _2 2048 0

Dense 2 1024 RelLU 2,098,176
Dropout _3 1024 0
Dense_3 128 RelLU 131,200
Dense_4 3 Softmax 2451

4.2 Level-1 Model Optimization

Tuning model parameters, say weights and biases based on loss function by an appropriate algo-
rithm, helps in faster model convergence. Two different optimization techniques based on stochastic
gradient and evolutionary optimization are used for optimized learning, and the best optimizer that
makes the model converge faster is chosen for the final testing [34,35]. Adam optimizer, a stochastic
gradient method that uses first and second-order moments to update the network parameters, says
weights and biases in each layer are chosen for parameter optimization. Reduced error rates ensure
smooth model convergence [36,37]. Algorithm 1 depicts the stochastic gradient based Adam algorithm
used for parameter tuning.

Algorithm 1: Adam optimization algorithm

Training phase: Model parameter optimization
Set: Wi - VWinil and bi - Vbinit
For each forward pass (FP): Compute error E

(Continued)
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Algorithm 1 (continued)

ifi=1, W;=VW,, and B, = VB,

fori=L —1 toonedo

Backward propagation (BP): Calculate weights and bias

VW, = V,f,(W)) and VB, = V,f,(B;) or each hidden layer network i
Compute

M1y
VW, =VW,_ |, —a, + —>—
Miany + €
M'I)
Mian + €

Updates:

Weight, W, = W, + a AW,

Bias, B, = B, + «AB,.,,

end for and if loops

Output: updates of weights W, & bias B,
Next iteration

Genetic Algorithm (GA): Genetic algorithm is a heuristic optimization technique based on the
principle of evolution of offsprings [37,38]. GA based optimizations could achieve excellent results.
GA-based parameter tuning assigns the weights and bias (chromosomes) to be tuned to a fitness score.
The parameter undergoes mutation and crossover to obtain the fittest value for them. GA based tuning
could achieve best performing models as it decides the fittest offspring based on model accuracy. Both
optimization techniques were adapted individually for tuning the DCNN model for seizure prediction
from EEG signals and their efficiency is verified in this experiment. Genetic Algorithm pseudocode
used for model optimization is given by Algorithm 2.

Algorithm 2: Genetic algorithm

Training phase: Model parameter optimization
Initialize: Random population RP, n, chromosomes
Set: crossover Percentage = 0.7, mutation Rate = 0.1, Fitness criteria — classification accuracy

27:1 Cii
ZZI 27:1 Ct'j
While: Probability of fitness — P; = —7—,

. Zi:lﬁ
Exit

Output: updates of weights W, & bias B,
Next iteration

Do: Evaluate fitness — f;;, =

=~

4.3 Level-2 Model Optimization

Validation helps in evaluating a model’s performance against new inputs. k-fold cross-validation
is used in this experiment to retrieve the best model hyperparameter. Validation data is partitioned
into a validation train and a validation test to train and test the model in the validation phase. This
evaluation is done k-times over the Mean Square Error (MSE) value and tested with validation test
data. The hyperparameters are tuned and updated for improved model performance, and if desired,
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the model is retrained using the updated parameters. Pseudocode for cross-validation (CV) algorithm
is given by Algorithm 3.

Algorithm 3: k-fold cross-validation algorithm
Validation phase, k-fold

Initialize: 1 =1; testData = 1;

Training:

Do:

Train input data = validation set — test input
Train model — trainData

Test model — testData

Calculate - MSE

1 2
MSE — (Z) £ 0h—f (%)

testData = testData +1
Goto training while (i != k)

1
Calculate Test MSE = (—) * > MSE,
n

Update: learning parameter
Retrain model

Pseudocode for the two-level optimized DCNN algorithm used for classifying seizure stages is
given by Algorithm 4.

Algorithm 4: Optimized DCNN algorithm
Inputs: X, ReLU, C, A and «;

Outputs: Best model for EEG classification
begins

DCNN is model with depth i & the width as w
Training phase: with stochastic gradient/GA optimization
Set the value of W; & B,

foreveryi=1 to K do

Forward propagation (FP)

initialize

Compute Z' = (W;xY) + B;

Compute g (Z"),da’ of network i

Compute Z', Z'', a™' and prediction P
Determine error £

end for loop

ifi=1,W,=AW, and B, = AB,

for initial values

i=L—1 toonedo

Backward propagate (BP) error

Update: Weights and Bias by Algorithm 1/2
FP is continued till E becomes the least & C converges

(Continued)
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Algorithm 4 (continued)

Validation Phase:

Update: learning parameter by algorithm 3
retrain the model — choose the best model
Terminate

5 Results and Interpretation

The proposed DCNN model is developed in Python using Keras DL API in the Tensorflow
library. The model is built in the Google Collab laboratory in Google’s data centers. The developed
model is trained and tested using the Bonn EEG and New Delhi datasets. The proposed model is
trained and tested using the Bonn EEG and New Delhi datasets. The Bonn EEG dataset includes
seizure time series data obtained using intracranial electrodes from epilepsy patients and healthy
volunteers. The dataset was pre-processed, and time series data were initially available as text files
converted to .csv format for use in the model. To streamline the classification process, the original five
classes are consolidated into three: “Normal” (Z and O classes from healthy volunteers), “Interictal”
(N and F classes from seizure-free epilepsy patients), and “Seizure” (S class from seizure events). This
reclassification introduced some class imbalance, addressed through class-weighted learning, which
assigns weights inversely proportional to the sample size in each class to mitigate prediction bias. The
second dataset, the New Delhi dataset, has 1024 data points representing each EEG segment, and
the proposed model is used to classify these samples into ictal, pre-ictal, and interictal states, and the
results are verified to ensure model performance.

The proposed model uses a deep convolutional neural network (DCNN) tailored for time-series
EEG data from the Bonn dataset. The network architecture consists of six 1D convolutional layers
with 32, 64, 128, 256, 512, and 1024 filters, each having kernel sizes of 3, 3, 5, 5, 7, and 7, respectively,
and strides of 2. These layers utilize ReLU activation functions, while batch normalization is applied
after each convolutional layer to mitigate overfitting and enhance model generalization. Following the
convolutional layers, the feature maps are flattened and passed through three dense layers with dropout
regularization, culminating in a Softmax output layer that classifies the data into three categories:
Normal, Interictal, and Seizure.

The dataset is partitioned into 85% for training and 15% for testing, applying a class-weighted
learning approach to address class imbalance. A batch size of 64 is used and the model is trained
for 30 epochs. The training process employed stochastic gradient descent (SGD) with the Adam
optimizer and a genetic algorithm-based optimizer, with initial learning rates of 0.0001. The Adam
optimizer achieved an accuracy of 90%, while the genetic algorithm-based optimizer improved this
to 92%. Following k-fold cross-validation and evaluation on unseen data, the model was re-trained
with the genetic algorithm at a learning rate of 0.001, achieving a final accuracy of 93% in classifying
seizure stages. Fig. 5 presents the sample outputs from classification by the proposed method. Fig. 5a,b
represents output samples of the Bonn dataset, whereas Fig. 5c,d represents output samples from the
New Delhi dataset where the x-axis specifies the sequence of samples, and the y-axis represents EEG
signal amplitude in microvolts.
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Figure 5: Sample classification results. (a) & (b) Bonn dataset. (¢) & (d) New Delhi dataset

This study compared the results achieved with a DCNN model in classifying EEG signals into
three classes with three different optimizations, say (i) DCNN + Adam optimization, (ii)) DCNN +
GA, and (iii) DCNN + GA + CV. The variation in loss, accuracy, precision, and recall obtained from
the training and validation phases of the three variants are shown in Table 4.

Table 4: Learning performance of CNN model

CNN models Training Validation

Loss AUC Precision Recall AUC Precision Recall
DCNN + Adam 4358 92.2 87.1 79.8 91.2 86.9 85
DCNN + GA 43.2 93.75 90.6 90.6 90.82 89.9 89.6
DCNN + GA + CV (Bonn) 433 94.9 89.9 89.9 93.75 90.6 90.6
DCNN + GA + CV (New Delhi) 24.5 96.85 91.5 91.5 94.35 91.2 91.2

The results indicate a performance improvement when applying the Genetic Algorithm (GA)
with cross-validation (CV) on the New Delhi dataset compared to the Bonn dataset. Specifically, the
model achieved an AUC of 96.85 and 94.35 for training and validation on the New Delhi dataset,
outperforming the Bonn dataset results. The performance of the proposed DCNN model is compared
with SVM and MLP models in order to study its classification efficiency. It is found that the proposed
end-to-end DCNN model tuned by genetic algorithm and k-fold cross-validation could achieve better
classification accuracy as compared to MLP and SVM classifiers. The proposed model’s efficiency
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compared to SVM and MLP is summarized in Table 5. Proposed CNN performs better across the
assessment indices.

Table 5: Comparison of classification results with other classifiers

Classifier Accuracy Precision Recall/ Specificity Fl-score AUC
sensitivity
MLP 0.82 0.83 0.84 0.81 0.83 0.81
SVM 0.75 0.77 0.76 0.79 0.76 0.75
DCNN + Adam 0.90 0.90 0.910 0.89 0.90 0.903
DCNN + GA 0.92 0.90 0.912 0.90 0.90 0.91
DCNN + GA + CV (Bonn) 0.93 0.90 0.906 0.93 0.90 0.939
DCNN + GA + CV (New Delhi) 0.92 0.89 0.90 0.88 0.89 0.91

5.1 Why Our Algorithms Are Selected over Others

Our approach integrates Deep Convolutional Neural Networks (DCNN) with Genetic Algo-
rithms (GA) and Cross-Validation (CV) techniques, specifically using two distinct datasets: Bonn and
New Delhi. The selection of the method called DCNN is explained by the fact that this approach works
well for the classifying tasks involved in analyzing images, as it can identify the necessary features from
the raw data by itself. GA improves this by the operations of hyperparameters and feature selection,
which ultimately greatly impacts the model. We provide an extensive evaluation of our model to other
recognized classifiers, such as MLP, SVM, and the basic structures of the DCNN. Comparing the
results of the proposed method with those of the other approaches proves that our hybrid model
obtains higher accuracy and is also quite stable under different conditions.

This section has been enriched with the specification of the reasons behind our algorithm choices.
For instance, we also illustrate that MLP and SVM are prone to overfitting in high-dimensional data.
However, our hybrid model avoids such problems by relying on the optimization properties of GA
and, hence, provides a more generalized performance. Further, we explain how the incorporation of
CV confirms the model’s effectiveness by preventing information leakage and excluding unfair top
performances.

Altogether, the application of DCNN, GA, and CV in the present study can be considered a shift
in classification approaches in the given scenario. We think that such detailed justification helps to
explain the novelty and significance of the proposed approach as it enables the creation of a classifier
of higher quality compared to existing classifiers, thus improving the quality and relevance of our
investigation.

Further, classification accuracy represents the percentage of correct predictions made by the
classifier over all predictions made. Eqs. (3) and (4) give accuracy. Fig. 6 represents the accuracy of
classification obtained with different models. The graph clearly reveals that a two-fold optimization
could improve the model’s accuracy.

True Positive + True Negative
Accuracy =

(€)

total predictions

True Positive + True Negative
Acc =

4
True Positive + True Negative + False Positive + False Negative @
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Figure 6: Accuracy obtained for different models

Precision is a metric that represents the number of correct positive classifications made by
the model against the total positive classification. Precision is given by the Egs. (5) and (6). Fig. 7
represents the precision of different models in classifying EEG signals.

True Positive
Precision = — %)
Total Pos. classifications

. True Positive
Precision = ” — (6)
(True positive + False positive)

0.8

0.6

0.4

0.2

Precision

EMLP mSVM ®EDCNN +Adam SDCNN+GA ®DCNN +GA +CV(Bonn) B DCNN + GA + CV (New Delhi)

Figure 7: Precision obtained with different classification models
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Recall represents the number of correct positive predictions made by the model against actual
positive classes. The formula for recall is given by Egs. (7) and (8). Recall of different models in
classifying EEG signals is given in Fig. §.

Recall — True Posit‘z\ie )
Actual positive

Recall — True positive

8
(True positive + False Negative) ®

0.8

0.6

0.4

0.2
Recall

mMLP =w5VM wmDCNN+Adam ®DCNN+GA ®mDCNN+GA+CV(Bonn) @ DCNN + GA + CV [New Delhi)

Figure 8: Recall of different models

The Area Under the receiver operating characteristics (ROC) Curve (AUC) signifies the area under
the ROC curve. It specifies the model’s performance irrespective of the classification threshold. Fig. 9
shows the AUC obtained for various models in performing the EEG classification task.

1

0.8

0.6

0.4

0.2

AUC

mMLP mS5VM mDCNN+Adam ®mDCNN+GA mDCNN+GA+CV(Bonn) ®m DCNN +GA +CV [New Delhi)

Figure 9: AUC comparison for EEG classification task
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Table 6 presents a comparative analysis of the proposed model against several existing methods.
In the context of the classification techniques for epilepsy detection, our proposed method achieves
high efficiency compared to other works in the Bonn and New Delhi datasets. When comparing
different models, it is used not only for accuracy but also recall or sensitivity and specificity, thus
giving a somewhat more comprehensive picture of the model’s efficacy. As for the accuracy metrics,
our proposed method obtains the accuracy of 93.2% on the Bonn dataset and 92.0% on the New
Delhi dataset. Smaller models, like the LS-SVM, get an accuracy of 99.5% on the Bonn dataset, and
here again, it is essential to remember that accuracy is not always a trustworthy measure, especially in
highly imbalanced data. However, considering the proposed method, its performance is rather suitable,
considering its ability to work with several datasets.

Table 6: Comparison of classification with existing methods

Ref. No. Model name/  Database used No. of classes Accuracy Recall/ Specificity
technique used sensitivity

[10] aADGA CHB-MIT 2 97.49 95.9 82.9

[17] RNN TUSZ dataset 8 96 - -

20] SVM EPILEPSIAE dataset 2 - 75 -
[24] CNN CHB-MIT 2 - 82 -
[24] CNN Kaggle 2 - 85 -

23] MLP Bonn dataset - 99.83 - 99.78
[31] PSO Bonn dataset - 96.25 95.59 -
[39] LS-SVM Bonn dataset 2 99.5 100 99.4

Proposed Bonn dataset 3 93.2 90.0 93.0
method

Proposed New Delhi dataset 3 92.0 90 88
method

Concerning recall, the method we presented attains a sensitivity of 90.0% for the Bonn dataset
and 90% for the New Delhi dataset. This is especially so when compared with standard models such
as the LS-SVM with a recall of 100%. However, such high sensitivity should be understood in light
of the trade-offs between sensitivity and specificity. The proposed technique yields a specificity of
93.0% on the New Delhi dataset, indicating a suitable trade-off between true and false results. This
factor is essential in practical applications. ADAM and MLP have very high accuracy, but some do
not always report sensitivity or specificity, making evaluating the models’ applicability disputable. For
example, although the MLP has boasted a 99.83% accuracy rate, it does not state recall information.
As for the SVM and CNN models, the accuracy scores are not bad. However, the variance in the
model’s performance between different data sets is rather notable. In addition, the proposed method
outperforms competitors regarding average proximity for various datasets. A particular model may
perform well on one dataset. Still, our approach seems reliable across the datasets, suggesting that it
may be better suited to real-world scenarios where variability in data is usual.

Therefore, while some of the existing approaches may demonstrate higher accuracy numbers, the
proposed method is quite unique in that it simultaneously offers relatively high values of sensitivity and
specificity. This makes it a laudable contribution to the diagnosis of epilepsy and a useful resource for
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clinicians who seek to enhance their diagnostic precision to influence the treatment plan and prognosis
of epilepsy patients.

6 Conclusion

An end-to-end light-weight deep CNN model is developed to effectively classify seizure stages
into ictal, interictal, and normal stages using EEG time series data. The proposed DCNN with genetic
algorithm-based optimization and cross-validation-based tuning converges faster and achieves a good
classification accuracy of 93.2%. Faster convergence of the model is attributed to the parameter
optimization by evolutionary algorithm GA, and classification accuracy is achieved by robust k-fold
cross-validation.

A primary advantage of the proposed model is that it is lightweight and can achieve excellent
prediction accuracy. Despite these strengths, the dataset’s fixed length and limited variability pose
challenges, particularly in capturing pre-seizure periods that vary among patients.

With its efficient classification accuracy, the model will be enhanced by (i) training the model with
diverse datasets for classifying different seizure variants, (ii) modified to learn the interictal lengths, and
(iii) integrated with patient metadata to make it a one-step tool for diagnosing seizure and integrating
it into clinical practices.
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