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Abstract— This research presents a novel approach to detecting epileptic seizures leveraging the
strengths of Machine Learning (ML) and Deep Learning (DL) algorithms in EEG signals. Epileptic
seizures are neurological events with distinctive features found in Electroencephalography (EEG) that
lend considerable credibility to researchers. Machine Learning (ML) and Deep learning (DL) algorithms
have emerged as powerful feature extraction and classification tools in EEG signal analysis. Many studies
have converted the EEG signals into either images and /or calculated time-frequency domain features and
performed classification. This study focuses on classifying time-series data representation of EEG signals
with machine learning-based classifiers by tuning parameters and deep learning-based One-Dimensional
Neural Network (ANN) methods. The primary objective is not only to determine the optimal classifier but
also to emphasize critical metrics such as sensitivity, precision, and accuracy, which are critical in medical
investigations, particularly for the early detection of diseases and patient care optimization. The UCI
Epileptic Seizure Recognition dataset used in this study consists of time-series data points extracted from
the EEG signals. The dataset has been preprocessed and fed to the classifiers, namely Extreme SVM,
ANN, Navie Bayes, KNN, Logistic regression, and achieved encouraging accuracies of 98%, 97%, 95.2%,
and 949%, respectively.

Index Terms— Deep Learning (DL), Machine Learning (ML), SVM , Epileptic Seizures

I. INTRODUCTION

Epilepsy, a neurological disorder affecting approximately 50 million individuals globally, stands as
one of the most prevalent neurological diseases worldwide, as reported by the World Health
Organization. It is characterized by recurrent and unpredictable seizures. Epileptic seizures pose a
significant challenge to the quality of life for affected individuals [1]. It is marked by a tendency for
recurrent episodes across one’s lifespan. Epileptic seizures can manifest under diverse circumstances,
encompassing factors such as skull fractures, genetic predisposition, tumors, and other contributing
factors [2]. It is found that anyone can be affected at any age, but it is most initiated in childhood or
over the age of 65 [3]. An epileptic seizure is a sudden and temporary disturbance in the normal
functioning of the brain, characterized by abnormal and excessive electrical activity. This electrical
activity can result in various physical and mental manifestations, ranging from subtle sensations to
convulsions and loss of consciousness, and sometimes leads to sudden, unexpected death [4].
Accurate detection of seizures in epilepsy patients is vital for diagnosing the condition correctly and
devising personalized treatment strategies. A better quality of life and reduced life risks can be
ensured through early diagnosis and continuous monitoring of seizures. The purpose of analyzing the
electroencephalogram (EEG) signals, which record electrical activity in the brain, is to evaluate
patients with known seizures to detect the accurate seizure type [5]. Epileptic EEG signals provide a
dynamic representation of neural activity, capturing the intricate patterns associated with seizures.
EEG signals are recorded using electrodes attached to the scalp. These electrodes detect the electrical
impulses generated by neurons in the brain. Raw EEG signal data often contains noise and irrelevant
information. Preprocessing steps, such as filtering, artifact removal, and baseline correction, are
applied to clean the signals and enhance their quality. Once preprocessing is done, feature selection
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and extraction play a crucial role in epileptic seizure detection using EEG signal classification [6].
Extracting relevant features from the signal data provides more discriminative information than the
raw signal alone. Machine learning and Deep learning techniques have shown remarkable potential
in extracting relevant features and classifying them in various medical applications, including
epilepsy diagnosis. Epileptic seizures can vary widely in their presentation, severity, and duration.
The brain’s regular activity results from intricate communication between neurons through electrical
signals. In individuals with epilepsy, there is a tendency for the brain’s neurons to fire excessively
and abnormally, leading to a seizure. Seizures can be classified into different types based on their
characteristics and the brain regions from which they originate. In Figure 1, we observe the diverse
patterns of EEG signals recorded from different brain regions: the healthy brain area, the region
affected by a tumor, and during a seizure event. In healthy brain areas, we typically observe regular,
rhythmic patterns characterized by consistent frequency and amplitude, which reflect normal
electrical activity. At the tumor site, the EEG signals exhibit alterations compared to those from the
healthy brain area. These can manifest in various ways depending on the nature and location of the
tumor. However, during a seizure event, the EEG signals exhibit distinctive patterns that reflect
abnormal neuronal activity with high frequency and amplitude. This study employs various ML
classifiers and a ANN network to classify EEG time-series data. This approach allows for a
comprehensive comparison of different classification techniques, enabling insights into which
methods are most effective for seizure detection. The aim of this study is not only to acquire the best
accuracy but also to demonstrate a commitment to addressing the real-world needs of healthcare
practitioners and patients. The focus is on the critical metrics relevant to medical diagnosis and
decision-making, such as sensitivity, the ability to identify seizures and specificity correctly, and the
ability to correctly identify non-seizures to classify EEG time-series data, explicitly targeting the
accurate prediction of epileptic seizures. The dataset used in this study consists of time series data
points that represent the value of the EEG signal at a particular time. Further, the data was
preprocessed and classified using Machine learning methods. The parameters of the classifiers are
tuned according to the nature of the dataset to acquire qualitative results and high-performance
evaluations.
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Il. LITERATURE REVIEW

The paper “Seizures and Epilepsy in the Elderly: Diagnostic and Treatment Considerations “is to
highlight important clinical aspects in diagnosis and management of epilepsy in the elderly and to
highlight recent literature and its relevance to current practice. Recent studies have shown that
elderly patients are under referred for evaluation to epilepsy monitoring units and for epilepsy
surgery, which has been demonstrated to be safe and effective in this population. The elderly are at
increased risk for acute symptomatic seizures and epilepsy. Accurate diagnosis can be challenging in
older patients due to limitations in history, atypical symptoms, and medical comorbidities. Inpatient
video-EEG monitoring is a valuable tool for the clinician when diagnosis is unclear or patients are
unresponsive to medication. Drug resistance rates in the elderly are like younger adults with
epilepsy, but elderly patients are less likely to be referred for epilepsy monitoring unit admissions
and epilepsy surgery, despite evidence of safety and effectiveness.

This paper “Epilepsy Seizure Detection Using Optimized KNN Algorithm Based on EEG” Modern
artificial intelligence relies heavily on the concept of machine learning. It has rapidly developed and
been used widely in numerous sectors during the past 20 years. The epileptoid cortex can be identified
most precisely by electroencephalography (EEG). Age and recording techniques, such as sleep records
and activation processes, have an impact on the sensitivity and specificity of the device
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(hyperventilation, photic stimulation). Several epilepsy disorders have distinctive EEG characteristics.
In recent years, it has been noted that machine learning is widely being used in medicine. The literature
review presents different machine learning methods for EEG signal processing in epilepsy research,
with particular emphasis on applications for automated seizure identification, prediction, and
orientation. Because an EEG signal is non-stationary and has a significant degree of time variation, it
can be analyzed using non-linear methods. Therefore, we have used the discrete wavelet transform
(DWT) which is used to extract the frequency components of the EEG. And we have proposed a better
hybrid algorithm for detection.
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This paper “1D-local binary pattern-based feature extraction for classification of epileptic EEG signals”
an effective approach for the feature extraction of raw Electroencephalogram (EEG) signals by means
of one-dimensional local binary pattern (1D-LBP) was presented. For the importance of making the
right decision, the proposed method was performed to be able to get better features of the EEG signals.
The proposed method was consisted of two stages: feature extraction by 1D-LBP and classification by
classifier algorithms with features extracted. On the classification stage, the several machine learning
methods were employed to uniform and non-uniform 1D-LBP features. The proposed method was also
compared with other existing techniques in the literature to find out benchmark for an epileptic data set.
The implementation results showed that the proposed technique could acquire high accuracy in
classification of epileptic EEG signals. Also, the present paper is an attempt to develop a general-
purpose feature extraction scheme, which can be utilized to extract features from different categories of
EEG signals.

In this paper “Pilot study of a single-channel EEG seizure detection algorithm using machine learning”
The dataset applied in our algorithm contains EEG recordings from human neonates. A 19-channel
EEG system recorded the brain waves of 79 term neonates admitted to the NICU at the Helsinki
University Hospital. From these datasets, we selected six patients with conformational seizure
annotations for the pilot study and allocated four and two patients for our training and testing datasets,
respectively. The presence of seizures in the EEGs was annotated independently by three experts
through visual interpretation. We divided the data into epochs of 5 s each and further defined a seizure
block to label the annotations from each expert recorded every second. Subsequently, to create a
balanced dataset, any data point with a non-seizure label was moved to the training and test dataset.

In this paper “Automated epileptic seizure detection using improved correlation-based feature selection
with random forest classifier” Analysis of electroencephalogram (EEG) signal is crucial due to its non-
stationary characteristics, which could lead the way to proper detection method for the treatment of
patients with neurological abnormalities, especially for epilepsy. The performance of EEG-based
epileptic seizure detection relies largely on the quality of selected features from an EEG data that
characterize seizure activity. This paper presents a novel analysis method for detecting epileptic seizure
from EEG signal using Improved Correlation-based Feature Selection method (ICFS) with Random
Forest classifier (RF). The analysis involves, first applying ICFS to select the most prominent features
from the time domain, frequency domain, and entropy-based features. An ensemble of Random Forest
(RF) classifiers is then learned on the selected set of features. The experimental results demonstrate that
the proposed method shows better performance compared to the conventional Correlation-based
method and also outperforms some other state-of-the-art methods of epileptic seizure detection using
the same benchmark EEG dataset.

The EEG signal, characterized by non-stationary behaviour and notable time variations, necessitates
applying non-linear analytical methods. To address this, [7] employed the discrete wavelet transform
(DWT) to extract the intricate frequency components inherent in EEG signals. Their proposed approach
utilizes an optimized k-nearest neighbours (KNN) algorithm for enhanced detection accuracy.
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The quantitative features have been extracted from the EEG data using a one-dimensional local binary
pattern (IDLBP) in [8], and these features were fed to various classifiers, which include logistic
regression, Bayes Net, SVM, ANN, and functional tree. The authors in [9] introduced a novel seizure
detection algorithm that employs principal component analysis (PCA) for feature extraction. The
algorithm compares these features with other machine learning (ML) algorithms, incorporating four
prediction models: logistic regression (LR), dense trees, 2D-support vector machine (2D-SVM), and
cosine k-nearest neighbour (cos-KNN). The algorithm enhanced training and test dataset’s performance
by leveraging PCA to reduce data dimensions.

Furthermore, The authors in [10] introduce an innovative approach to identifying epileptic seizures in
EEG signals through the application of the Improved Correlation-based Feature Selection method
(ICES) in conjunction with the Random Forest classifier (RF). The methodology entails an initial step
of employing ICFS to extract key features from the time domain, frequency domain, and entropy-based
features. Subsequently, the Random Forest ensemble is trained on a refined set of selected features.
Furthermore, the authors in [11] chose fourteen highly correlated features using the Chi-square tests.
They applied classifiers such as random forest, decision tree, support vector machine, k-nearest
neighbour, and Tab Net. Extraction of meaningful features from EEG signals will directly impact the
classification of the model’s performance [12].

The Convolutional Neural Network (CNN) employs various filters in its convolutional layers to extract
a distinctive and rich set of meaningful features. However, one-dimensional CNNs are suitable for tasks
where the input data is structured in a sequence, time-series data. In [13], the author proposed a 1D-
CNN approach by converting EEG signals into 2D/3D images and achieved an accuracy of 96.30%.

In [14], nineteen EEG data channels were selected, and then the signals were resampled at a frequency
of 256Hz. Subsequently, these signals were partitioned into time frames of 3 seconds each. Further, we
feed the data into the Comvest model for epileptic seizure identification. Another study [15] proposed
an innovative method capable of autonomously extracting features from deep within a CNN and
generating easily interpretable rules for classifying seizures in EEG signals. Their objective is to
elucidate the internal logic, providing neurologists with valuable insights for decision-making,
whereas [16] proposed a 13-layer deep CNN algorithm to detect normal, preictal, and seizure classes.
Their proposed method achieved accuracy, sensitivity, and specificity of 88.67%, 95.00%, and 90.00%,
respectively

In this paper “Machine learning applications to differentiate comorbid functional seizures and epilepsy
from pure functional seizures This was a retrospective study of an electronic database of patients with
seizures. All patients with a diagnosis of FS (with or without comorbid epilepsy) were studied at the
outpatient epilepsy clinic at Shiraz University of Medical Sciences, Shiraz, Iran, from 2008 until 2021.
We arbitrarily selected 14 features that are important in making the diagnosis of patients with seizures
and also are easily obtainable during history taking. Pytorch and Scikit-learn packages were used to
construct various models including random forest classifier, decision tree classifier, support vector
classifier, k-nearest neighbor, and TabNet classifier.

HT.EXISTING METHODS:

eIn existing methos EEG data channels were selected, and then the signals were resampled at a
frequency of 256Hz. Subsequently, these signals were partitioned into time frames of 3 seconds
each.

eFurther, it feed the data into the ConvLSTM model for epileptic seizure identification. Another study
proposed an innovative method capable of autonomously extracting features from deep within a
CNN and generating easily interpretable rules for classifying seizures in EEG signals.

eTheir objective is to elucidate the internal logic, providing neurologists with valuable insights for
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decision-making, whereas proposed a 13-layer deep CNN algorithm to detect normal, preictal,

and seizure classes. Their existing method achieved accuracy, sensitivity, and specificity of

88.67%, 91.00%, and 90.00%, respectively.

IV. PROPOSED SYSTEM

The proposed system for epileptic seizure detection utilizes multiple algorithms, including
SVM, Logistic Regression, Naive Bayes, KNN, and ANN, to analyze EEG signals. SVM and ANN
are found to deliver the highest accuracy, with SVM achieving 98% and ANN 95.6%, making them
the most effective in this setup. The comparison highlights SVM and ANN as superior choices for
accurate seizure detection, balancing performance and computational efficiency. Multiple machine
learning Deep learning algorithms are trained and best algorithm is used for

METHODOLOGY:
* User module:

User need to collect data set from kaggle website. This dataset has features and
labels which are used for prediction. User can load data using flask web framework and enter all
EEG data related to Epileptic Seizure disease and predict if patient has Epileptic Seizure disease
or not.

» Preprocessing Module:

This is preprocessing module where datasets are converted to training data and
then converted to single combined dataset. This dataset is used as input for application in the
next for creating model.

» Split dataset:

. In this step dataset is split in to training and testing phase and training data is used to
input to model and test set is used for calculating accuracy of the model.

* Model Evaluation and Predictions:
In this step, in which we assess how well our model has performed on testing data using certain
scoring metrics, | have used 'accuracy score' to evaluate my model. First, we create a model
instance, this is followed by fitting the training data on the model using a fit method and then
we will use the predict method to make predictions on x_test or the testing data, these
predictions will be stored in a variable called y_test_hat. For model evaluation, we will feed the
y test and y test hat into the accuracy score function and store it in a variable called
test_accuracy, a variable that will hold the testing accuracy of our model. We followed these
steps for a variety of classification algorithm models and obtained corresponding test accuracy
scores.

* Model training Module:

In this stage final dataset is taken as in put and model is created using Multiple
machine learning and DL (SVM, Navie Bayes, Logistic Regression, ANN) algorithms are used
and process is in three steps.

First data is dividing in to testing and training set and features and labels are extracted from
these datasets and then data is trained and fitting is done. Then a pkl file is created which is
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model for this application.

This pkl file is used as model for predicting results.

* Flask web app:
Flask webapp with MySQL database is used to develop a website. User can register
with application, login and upload EEG data of patients which is in csv file and predict to get if
respective patient has Epileptic Seizure or not.

ARCHITECTURE:
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Figure 1. System Architecture

Figure 1 illustrates the framework of the proposed method ology representing data processing,
classifiers, and a set of evaluation metrics employed in the approach. In the feature extraction process,
the authors in [18] extracted data points from the EEG signals. In our study, we considered those
extracted datapoints as features and further preprocessed and normalized to ensure all the features are
on a consistent scale, preventing certain features from dominating others in the learning process.
Further, the data was fed to the classifiers and evaluated with the following metrics.

SVM:

Support Vector Machine (SVM) is a supervised learning model that excels in classification tasks by
finding the optimal hyperplane to separate different classes, particularly effective in high-dimensional
spaces.

ANN:

Artificial Neural Networks (ANN) mimic the human brain's structure, capable of learning complex
patterns and features from data, making them highly effective in tasks requiring deep learning.

Logistic Regression:

A statistical model that estimates the probability of a binary outcome based on input features, often
used for classification tasks.

Navie Bayes:
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A probabilistic classifier based on Bayes' theorem, assuming independence between features, which
works well with small datasets and for text classification.

KNN:

k-Nearest Neighbors (kNN) is a simple, non-parametric algorithm that classifies a data point based on

the majority class among its k nearest neighbors, effective in pattern recognition but computationally
intensive.

FLOW DIAGRAM:
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Figure 2. Model Flow Diagram

V. EVALUATION METRICS
Comparative analysis on different machine learning
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. [Precision F1 Score
SVM 98.3 81 100 90
ANN 97 96 95 95
Navie Bayes 95.2 97 97 93

Above table shows comparison table for various algorithms showing accuracy, precision, recall and F1
score for (SVM, ANN AND NAVIE BAYES) from above table svm gives more accuracy compare to
other algorithms.

COMPARISION GRAPH:

Comparison of SVM, ANN, and Naive Bayes on Various Metrics
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Abo ve graph shows comparison graph comparing various parameters accuracy, precison and recall
values for three algorithms.

UGC CARE Group-1, 142



‘# oY lNh'\‘)

“sTirs.
ST,
<
Nerma

*

%
g

RESULTS:

DATASET:

Industrial Engineering Journal
ISSN: 0970-2555
Volume : 53, Issue 10, October : 2024

[ [Unanmed]xt
z xan 135
3 xi5.v1.92 65
4 Vi -R
5 xwovie0  -108
6 xoviss -5
7 x1a.v156 55
8 xaviis 35
9 Ixanyva.27 1
0 xevigr o7
10 xavidon s
12 xvs 3
0o e
14 x7.v1.162 %
15 vt 15
16 [ XLVLO5 2
17 pazvize 13
18 x1v1ss3 E%)
18 | ¥.v1.302 )
20 X7.v1.541 n
21 w1015 4
22 pnvies &0
23 X.V1614 4

2401ty 204

A wad e e .

Home Page:

X x7 ™ ) X0 ity X123
190 229 223 192 125 55 2 Y 38 10 £ o 113 152 154
" 156 n ) 15 07 mn M4 m w 258 m 2 287 605
-39 Y] 57 n -36 57 -n 5 4 49 04 o 14 108 -0
101 -9p a2 - ] 100 - - B -0y B - -83 -
45 a0 78 An -16 a n 58 90 103 - 43 3 3
2 18 1 1 19 L3 ® = @ 8 ag 111 122 105 8
o 52 m 135 129 503 72 37 o 38 77 -3 -8 11 A0S
2 8 1 2 V) 15 16 1= 17 19 18 1% 15 14 21
246 215 191 17 as 157 139 s ) =) 2 a1 1 36 )
15 13 3 6 -8 5 Pt 3 4t a8 a 9 1% 2 11
15 28 % 9 29 a1 19 14 0 2 % -0 40 42 4%
20 A0 RS MR M8 ADs 302 X 140 27 180 et} m na 187
49 0 S -1 -5 -3 18 -5 29 52 -62 o 1 09
2 0 ar B A 38 -1 44 -33 -20 1 1% n 22 2
13 = 1 4 3 o 10 1 7 (] 12 10 0 5 1
133 1y 1S -1 IS - -a3 = 50 -52 -3 B o8 -69 08
a1 a1 %2 4 4 a6 a7 @ 50 52 52 53 59 58 ()
a 5 10 22 En) 3 43 41 a0 a2 6 47 52 50 .51
5 1 7 19 20 13 2 a 3 3 4 a8 a1 2 17
24 51 7% W 102 104 w1 w0 50 53 ) 9 5 17 a
451 40 541 S#1 641 736 757 92 235 3 387 B 1107 388 1110
27 -2 -28 M 40 -a7 -4 % ST 1 1 18 ! 11 B
a8 - n 0 n 1 143 161 17 194 200 183 164 129 u

ot
——Vla

~ Epileptic Seizu

- T T .

Input Form:

UGC CARE Group-1,

Doa static ComneCTIv ity

i s

142



Industrial Engineering Journal
ISSN: 0970-2555
Volume : 53, Issue 10, October : 2024

~Tiy
b V
o 3 N

Prediction Result:

\\’cl(‘oﬁie to Our Epileptic Seizure Dt‘:tcct"ifo‘ﬁ.ixl'l' ﬁlﬁa-Signals Using Machine Learning and Deep

- - -,ﬂ"‘;i. . arging Techniques CNEU#N
gl ! \ 4 &’-' » N e— Iﬁ Q 0 0 Lasisdear Sivany NN
.- > - gl 7™ I-T\Y ~Y

N Q%ng | &

ROt VN pet
: Epileptic Seizure 'i\i’ﬁb
: o Not Detected From «gi coemeisman & <
sBp———m— =t =" EEG Signals .
: t = eIFAP O
&—=2
/ \ ' ~

VI. CONCLUSION

The project demonstrates that Support Vector Machines (SVM) are highly effective in detecting
epileptic seizures from EEG signals, achieving an accuracy of 98.3%, which surpasses both Artificial
Neural Networks (ANN) at 97% and Naive Bayes (NB) at 95%. The superior performance of SVM
underscores its capability to handle high-dimensional and complex datasets like EEG signals, making
it a robust choice for seizure detection. While ANN also provides competitive results, SVM's
marginally better accuracy suggests its suitability for clinical applications where precision is critical.
Overall, the study validates the effectiveness of machine learning techniques in automating the
detection of epileptic seizures.

VIl. FUTURE SCOPE

Future work can focus on enhancing the model's generalizability by incorporating a larger and more
diverse dataset, including EEG signals from various sources and different patient demographics.
Additionally, integrating deep learning techniques like Convolutional Neural Networks (CNNs)
could further improve accuracy by capturing spatial features in EEG data. Real-time deployment in
clinical settings could also be explored, ensuring that the models perform efficiently in dynamic
environments. Moreover, developing a hybrid model that combines the strengths of SVM, ANN, and
other algorithms could lead to even higher detection accuracy. Lastly, user-friendly interfaces for
non-expert clinicians could be designed to make the technology more accessible in medical practice.
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