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Abstract— According to the World Health Organization 
(WHO), one of the most common neurological diseases is 
epilepsy with over 50 million people globally diagnosed to 
date. Epilepsy is defined as a chronic noncommunicable 
disease of the brain that affects the central nervous system 
and can result in sudden seizures. The early detection of 
seizures would allow suffering patients an opportunity to 
better manage their seizures and improve overall quality 
of life. In this paper, we aim to detect seizures using 
different machine learning (ML) algorithms using non-
invasive EEG data of epilepsy patients through a publicly 
available database. We evaluated different signal pre-
processing methods to allow for extraction of optimal 
features that include descriptive statistical parameters, 
frequency-based trend changes, power spectrum density, 
and entropy. For some classifiers, optimal features were 
passed through a Principal Component Analysis (PCA) 
algorithm to minimize the number of features used and to 
reduce the dimensionality of the ML model. ML models 
evaluated for seizure detection included Logistic 
Regression, Decision Tree, SVM, KNN, Naïve Bayes, and 
Neural Networks. A confusion matrix was generated for 
optimal models to compare accuracy, precision, and 
specificity. Results demonstrated the models were 
promising but the top three models with highest accuracy 
were DT, SVM, and NN. Given these results, ML models 
such as SVM or Neural Networks, can be utilized to create 
seizure detecting systems that are portable and use EEG 
data to detect the onset of seizures. Even though the 
highest accuracy observed was approximately 82.5%, the 
value of machine learning models show merit for solving 
seizure detection challenges. In future research studies, we 
plan to evaluate additional open databases to enhance 
these ML models further and increase accuracy to a 
minimum level of 95% to be evaluated in real-world 
applications. 
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I. INTRODUCTION 

 According to the World Health Organization 
(WHO), one of the most common neurological 

diseases is epilepsy with over 50 million people 
globally diagnosed to date [10]. Epilepsy is defined 
as a chronic noncommunicable disease of the brain 
that affects the central nervous system and can 
result in sudden seizures [1], [11]. Detection of 
seizures is evident to help improve a patient’s 
quality of life but challenges of seizures being 
sudden, unprovoked, severe, and having different 
classification types make it difficult to address 
properly. The different types of seizures also 
attribute to the challenge of detection as it has 
implications of the severity of the seizure and 
potential impact on patient. Ongoing research 
include creating automatic early detection of 
seizures system has led many researchers to explore 
the use of electroencephalogram (EEG) as a 
modality for collecting data in real-time. EGG 
collects electrical brain activity from different areas 
of the brain via electrodes and allows for real-time 
data collection of potential seizure activities. More 
recent advances in different EEG devices have 
allowed for a more user friendly, cost-efficient, and 
portable device. This provides a platform for being 
ability to collect real-time data via web or phone 
applications [3], [7-9].  
 Given these advances, research has pointed 
to using data-driven algorithms to increase the 
robustness of a seizure detection model and aimed 
to provide a real-time system for detection of 
seizures. Many of these models being explored 
include machine learning (ML) algorithms can 
adapt their overall algorithm based on the trend of 
data.  These ML learning models use different type 
of extracted features from EEG signals to 
differentiate between normal trends and abnormal 
trends to predict the occurrence of a seizure. Feature 
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selection from EEG signal is critical to ensure 
accuracy, precision, and repeatability of detection of 
seizures. Some common ML models include 
support vector machines (SVM), convoluted neural 
networks (CNN), Kth-nearest-neighbors (KNN), 
decision trees (DT), and artificial neural networks 
(ANN) [5-4].  Brari et al. used EEG data and 
evaluated changes in the derivative of an EEG 
signal, using a ML kernel model, to differentiate 
against different types of epilepsy seizures. The 
value of their model was the ability detect subtle 
changes of an EEG signal using slope/derivative 
features to differentiate between different types of 
epilepsy seizures with high accuracy (>95%) [3]. 
Additionally, Chen et al. research made a similar 
prediction of seizure onsets by analyzing discrete 
EEG signal periods and evaluating for abnormal 
changes in frequency domain and time domain. 
Features extracted included scoring changes via 
threshold peak changes, power/entropy changes, 
and frequency changes [4]. Using these features, a 
SVM and CNN model was used for classification of 
where an onset of seizure was going to or currently 
occurring. Both research areas help highlight the 
value of ML algorithms but also the type of features 
that could possibly be used to create a robust ML 
model [1-3].  
 In this paper, we focused on comparing 
seven different type of ML models for the detection 
of epilepsy seizures. The ML models evaluated will 
include logistic regression (LR), DT, SVM, KNN, 
naïve bayes (NB), and neural networks (NN). Each 
model was evaluated and compared against 
accuracy, precision, and specificity. The data 
evaluated in this paper was sourced from an open-
source database, Physionet, where a total of 7 
patients EEG signals were used to create and 
evaluate the ML models. The purpose of this paper 
was to identify which ML model was the most 
robust and which features were optimal for creating 
the classifier. Additionally, the aim of this project 
will be to leverage these results for future studies 
that will evaluate the feasibility of creating a 

portable seizure detecting system utilizing 
optimized ML models. 

II. METHODS 

The dataset acquired from PhysioNet had a 
total of 15 patients but only 7 patients’ datasets 
were used for the purposes of this analysis. Table 1 
highlights information about each patient, showing 
a wide range of age, and different location of 
seizures within the brain. Within each dataset per 
patient, each EGG signal had a total of 29 channels 
that were recorded simultaneously with a sampling 
rate of 512 samples/seconds and had a recording of 
multiple hours. It should also be noted that some 
patients had multiple data trials that were used for 
creating the overall dataset for the given patient. 
Figure 1 shows the process flow for steps taken to 
extract features from each patient’s dataset. Within 
signal segmentation section, each patient’s EEG 
signal was isolated to locate seizure activity, which 
on average lasted for approximately 1.3 minutes. 
For non-seizure activity, the EEG signal was 
segmented before and after seizure activity for 
approximately 5 minutes. After signal 
segmentation, each patient’s EEG signals was 
filtered using a digital bandpass filter to remove 
noise within the signal and minimize the signal-to-
noise ratio. Within this signal preprocessing step, 
each patient’s dataset was evaluated to compare 
before and after EEG signals to ensure major 
components of the signal remain intact for further 
processing. Within Figure 1, the demonstration of 
raw signal and pre-processed signal shows the 
removal of most noise. During the review of 
signals, it was noted that not all the noise was 
possible to removed without comprising the signal 
quality. 

Once the signal was filtered, it was then 
furthered segmented into smaller 5-second windows 
to then be used to extract features. Using an open-
source algorithm from MathWorks, a total of 29 
features were extracted for every 5 second window 
for seizure and non-seizure activity sections. Table 
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2 shows all features that were extracted from an 
EGG signal, which included all 29 channels, to then 
be used for training ML models. The extracted 
feature data was then labeled zero for non-seizure 
activity and one for seizure-activity. Additionally, 
approximately 80% of the extracted feature dataset 
was used for training each classifier and 20% of the 
extracted feature dataset was used for testing the 
accuracy of each model. Some ML models, which 
included SVM and NN, had PCA analysis done 
within the evaluation of the model to reduce the 
number of features used and reduce dimensionality 
based on data variance. The final models evaluated 
using the extracted feature dataset included: LR, 
DT, SVM, KNN, NB, and NN. The training of each 
ML models was completed using Matlab’s built-in 
classifier trainer application.  

 
Table 1: Patient overview and data used for ML models. 

Data obtained from PhysioNet. 
 

 

Table 2: Features Extracted from EEG signal (all 
channels) per patient. 

 

 
Figure 1: Process flow for EEG Signal Processing and 

Feature Extraction 

III. RESULTS 

 
Figure 2: Patient 1 Raw and Filtered EGG signal for 

Channel 1. 

 
Figure 3: Patient 3 filtered EGG signal for all 

channels, highlighting seizure activity in blue. 
 

Patient ID Age Gender Seizure Localization Lateralization

PN00 55 Male IAS T R
PN01 46 Male IAS T L
PN03 54 Male IAS T R
PN05 51 Female IAS T L
PN06 36 Male IAS T L
PN07 20 Female IAS T L
PN09 27 Female IAS T L

1 'min' Minimum Value
2 'max' Maximum Value
3 'md' Median Value
4 'var' Variance
5 'sd' Standard Deviation
6 'am' Arithmetic Mean
7 're' RenyiEntropy
8 'le' LogEnergyEntropy
9 'sh' Shannon Entropy
10 'te' Tsallis Entropy
11 'lrssv' Log Root Sum of Sequential Variation
12 'mte' Mean Teager Energy
13 'me' Mean Energy
14 'mcl' Mean Curve Length
15 'n2d' Normalized Second Difference
16 '2d' Second Difference
17 'n1d' Normalized First Difference
18 '1d' First Difference
19 'kurt' Kurtosis
20 'skew' Skewness
21 'hc' Hjorth Complexity
22 'hm' Hjorth Mobility
23 'ha' Hjorth Activity
24 'bpd' Band Power Delta
25 'bpt' Band Power Theta
26 'bpa' Band Power Alpha
27 'bpb' Band Power Beta
28 'bpg' Band Power Gamma
29 'rba' Ratio of Band Power Alpha to Beta
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Figure 5: Patient 5 EEG Feature 1 vs. Feature 3 

Distribution. Blue – No seizure activity & Red - Seizure 
activity 

 

 
Figure 6: Confusion Matrix for NN Model 

 

 
Table 3: Accuracy Results for each ML Model 

IV. DISCUSSION AND CONCLUSION 

The EEG dataset acquired from PhysioNet 
proved to be helpful in creating ML models that can 
differentiate between seizure and non-seizure 
activity classes. As shown in Figure 2, the bandpass 
filter helped remove excess noise within the EEG 
signal and reduce the signal-to-noise ratio. To keep 
it consistent, the same bandpass filter was used for 
all EGG channels and patient data. However, given 
the results shown in Figure 2 and 3, the pre-
processing step could improve as not all the noise 
was removed and the filter was not optimized to 
account for different type of noise observed across 
the dataset. This pre-processing step needs 
improvement to enhance extracting higher quality 
signal and features for training ML models. Figure 
3 helps demonstrate how seizure activity has higher 
frequency and amplitude changes within the signal 
when compared to non-seizure activity.  However, 
this also demonstrates that within different EEG 
channels, the same magnitude of change within 
seizure activity is not applicable to all channels. 
This results in contributing error accumulation in 
the over model and makes it harder for the model to 
distinguish between seizure and non-seizure 
activity. Furthermore, since the magnitude 
discrepancy across EEG channels affects the 
features extracted, the error attributed across all 
training data has potential impact on the precision 
and accuracy of the ML model. This would need to 
be further investigated to understand how to isolate 
relevant channels with seizure activity to help 
increase the differences between seizure and non-
seizure activity, reflected in features extracted. 
Upon evaluating the features extracted, some 
features had some inter-correlations as shown in 
Figure 5. This inter-correlation could be driving 
some additional bias to the classifier and causes 
more harm by increasing the dimensionality of the 
model. Additional tests would need to be completed 
to better understand the significance of each feature 
and how each feature is contributing to the 
prediction accuracy of the model. It is also 
important to minimize the number of features that 
are inter-correlated so additional statistical analysis 
would need to be completed to optimize feature list.  

The model with the highest testing accuracy, 
shown in Table 3, was the NN model with an 
accuracy of 82.6%, in comparison with the other 
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Predicted Class

97.6% 2.4%

74.4%25.6%

Confusion Matrix: NN Model

Model Type Feature Count Accuracy 

LR 29 81.0%
DT 29 82.5%
SVM 29 82.1%
SVM 10 82.1%
NB 29 80.9%
KNN 29 82.2%
NN 29 82.2%
NN 10 82.6%
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models. NB model had the lowest accuracy, at 
80.9%, but all models did demonstrate an accuracy 
of 80% plus. Also, it should be noted that all 
models’ testing accuracy was within 5%, meaning 
that further improvements could be seen by 
optimizing feature selection and signal pre-
processing. Figure 6 shows the confusion matrix of 
NN to demonstrate the precision and accuracy of 
the model. Furthermore, these results help highlight 
potential data bias as non-seizure activity made a 
larger portion of the overall dataset used for training 
and testing of the model. A completer and more 
well-rounded dataset would need to be compiled by 
either generation additional datasets using over-
lapping windowing or evaluating larger databases 
for training. Another aspect of the process that 
could use some improvement is the window 
slicing/segmenting of 5-seconds. This could be 
increased to a 10-30 second window to help capture 
larger trends of seizure/non-seizure activity within 
each EEG signal and provide a better change that 
will be reflected on the features extracted.  

Overall, the process to create and identify an 
optimal ML model for detection of epilepsy 
seizures was developed. Additional improvements 
will be explored to help increase the overall 
accuracy, with a minimum target of 95% accuracy. 
Once a fully optimized and robust ML model is 
developed, it can be deployed into real-world 
applications, with the aim of improving their quality 
of life. Further studies will also be completed to 
start the investigation of creating a portable system 
for detecting seizures, using a robust ML model, 
with the aim of improving quality of life and 
serving the epilithic community. 
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