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Abstract: - FMRI cannot apply to patients with implants and it has several limitations like temporal resolution, hence the EEG based detection 

of abnormal activities for epileptic patients is very important as if correct treatment and medication given to patient on correct time it can make 

the patient seizure free. In this paper we have proposed technique and it’s outcomes for the detection of epileptic seizure by using frequency 

domain analysis technique of EEG sensor array. And comparing it we’ve achieved classification accuracy is less 59% which is as compared to 

our previous study using time domain features which was 96.5%. We conclude that frequency domain features like Power spectral density, 

Kurtosis shall not be the selection but time domain features such as standard deviation and quartile ranges shall be considered.    
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I. INTRODUCTION 

 As per the National brain survey of India in 2016 by the Government of India NIMHANS 14% of the youth has 

been affected by brain disorders like Schizophrenia, Parkinson’s disease as well as mental illnesses like 

depression and Alzheimer [National mental health survey of India 2016 by Ministry of Health and Family 

welfare]. The same survey also shows that more than 5% of Indians have suicidal tendencies and 18% are 

consuming tobacco products.  With expanding numbers of mental illnesses and brain disorders on daily basis it is 

mandatory to effectively diagnose and treat people. There are many ways including Ascertain functional 

connectivity of brain areas to determine mental health. The statistic functional connectivity determined different 

mental diseases such as Depression, Epilepsy, Schizophrenia, and Alzheimer. From the mentioned diseases, 

Epileptic seizures are a global problem from which nearly 1% of the population is suffering in some or other ways. 

One of the features to consider while categorizing the patients can be the country’s income. For instance, the 

people of countries with lower-income populations suffer from Epilepsy due to malaria or neurocysticercosis 

while in higher-income countries, the reason for Epilepsy is found to be road accidents or birth injuries [1]. 

Epilepsy is a type of neurological disorder that arises with unusual signal discharge by a group of neurons in the 

brain [2]. Epilepsy can be detected by medical tests like an electroencephalogram (EEG), the EEG test is based on 

the brain’s electrical signals/waves. By monitoring these waves, one can know whether there are abnormalities in 

the signals or not, and if abnormalities are seen in the signals then there is a high chance of Epilepsy. These 

changes in brain activities are often seen at times during seizures or at times of seizure [3]. Epileptic seizures are 

mainly classified in two ways, one is partial seizures which can be in the local brain area and they are seen in very 

few of the channels in the EEG signal and the other involves the whole brain which is known as generalized 

seizures. The latter is seen in every channel of the EEG signal [4]. Patients often experience diverse symptoms 

depending on the location and type of seizure as mentioned above. The biggest advantage of EEG over fMRI is 

that is it faster and has no side effects as the waves are monitored using the brain signals and no external forces or 

factors and yet the results and accuracy are surprisingly well. The setting time of the EEG signal is approximately 

5 minutes which is very less as compared to setting an MRI machine. One of the disadvantages of EEG is that 
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sometimes a change in a single neuron can activate an electrode along with the one it should, which at times can 

possibly show a wrong conclusion. Aim of the study is to detect epileptic seizures in the early stage can be a 

game-changer in the health sector. As we already have a huge amount of electroencephalogram (EEG) data, it 

becomes possible for researchers to detect epilepsy using advanced machine learning and deep learning 

techniques which are shown earlier by researchers focusing on the same domain. But there is a drawback in these 

methods and the main drawbacks are that these methods are very time-consuming and compute-heavy. To address 

the problem with a simpler and compute-efficient method, we used simple Gaussian filtering and raw conditional 

classification in our experiment. These methods are not just lightweight when it comes to computing but are very 

powerful and effective at the same time. Hare, we are detecting Epilepsy by classifying the EEG signals of 

patients as Epileptic seizure-containing or not. To add on top of it we are using time as one of the features which 

contributes to detecting the seizure in advance. By far we have achieved an accuracy of 96.5% and 95% on two 

different public datasets. Both the datasets contain EEG signal containing Epileptic seizure, EEG signal of normal 

patients, and EEG signal of patients who shows sign of seizure along with time as a feature. The proposed method 

showed the results in as little as 1.7 seconds.  

II. LITERATURE SURVEY 

The 2 states which are found to be promising in detecting seizures are ictal state and preictal state. The ictal state is 

the state that begins at the time of onset of the seizure and ends with an attack. Whereas, the preictal state is the 

state before the seizure beings. So, the preictal state ends where the ictal state starts. Both of these have been very 

useful when it comes to classifying EEG signals as seizure and non-seizures [5]. Many researchers [6-10] have 

tried to predict the preictal state but only some have achieved satisfying results. One of the key areas to focus on to 

improve the detecting technique is preprocessing of EEG signals, here in preprocessing we want to increase the 

signal-to-noise ratio. Promising results were shown by the research conducted by [5] where they used Machine 

Learning techniques to detect seizures. The data used in this research was a public dataset CHB-MIT [11]. The 

dataset is created by collecting EEG signals from 23 electrodes which were placed on the scalps of 22 subjects. 

Here they performed the process in 2 stages, the first one of which is to convert the 23 channels EEG signals into 

a surrogate channel which is a single channel to improve the signal-to-noise (SNR) ratio. And the second stage is 

empirical model decomposition on the surrogate channels to improve the SNR. Here, Common Average Filtering, 

Large Laplacian Spatial Filter, and Common Spatial pattern Filters were used to convert the multi-channel signal 

to a single surrogate channel The empirical model decomposition decomposed the signal to the Intrinsic Model 

Functions (IMFs). These IMFs were the main features of the classification algorithm. The features extracted here 

are time ad frequency sensitive. The authors [5] compared three classification algorithms and the best results were 

achieved by the Support Vector Machine to classify preictal and ictal states. 

Linear methods have also been used widely due to their simplicity and versatility in the detection of seizures. One 

of the simplest metrics when it comes to statistical analysis is the variance of the signal which is calculated in 

consecutive windows to provide underlying dynamics of EEG signals. A research was conducted by [12] using the 

same linear methods. The technique used there was Scored Autocorrelation Moment (SAM) analysis. The 

accuracy they received using this method was 91.4% even when the signals did not present differences in spectral 

properties. Another research was performed by [13, 14] using the Time-Frequency method. In a Research 

performed by [15-17], the authors used the features extracted from the Power Spectral Density (PSD) which was 

then fed to Artificial Neural Network for classification. With this approach, the accuracy they observed was from 

89%-100% on three different datasets. 

Another approach often seen is Information Theory-Based Analysis and Entropy which contains 3 main methods. 

Firstly, Kullback-Leibler Entropy, which is used to measure the similarity between two probability distributions. 

Secondly, Lempel-Ziv Complexity, which is used to measure the rate of recurrence of patterns with respect to time 

series. Thirdly, Permutation Entropy. Bandt [18], in his paper, has used it to measure complexity. It showed great 

potential as compared to sample entropy [19] when used in an application to predict Epileptic seizures and 

identification of preictal periods in rats. 
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In a Research by [20], the authors have used Functional MRI to detect seizures, it has been proven as one of the 

most widely used techniques to analyze brain activity. AS fMRI provides an insight into the metabolic 

consumption of oxygen of brain areas which is directly linked to region utilization of the brain [20][21]. fMRI 

uses Blood Oxygen level-dependent (BOLD) signals. 

III. MATERIALS AND METHODS  

The proposed method is divided into 4 sections namely Raw Data gathering, Data cleaning and preprocessing, 

Feature extraction, and lastly Features selection and classification. The process follows the same order as 

mentioned above. A total of 2 datasets are involved in the proposed solution. 

 

 

Fig.  1 Flow diagram of method 

The first dataset is Bonn University EEG Dataset [22]. The sampling rate of the same is 173.61Hz. The Spectral 

bandwidth of the acquisition system is 0.5Hz to 85Hz. The Low pass filter is 40Hz. The dataset contains the data 

with open and closed Eyes which is categorized as Normal and Seizure and Seizure free zone which is categorized 

as Epileptic Patient’s data. The recording interval for the dataset was 23.6 Seconds and in total there were 10-20 

Electrodes involved in gathering the data. 

The second dataset is Bern Barcelona EEG Dataset [23]. Here the sampling frequency was 512Hz. The recording 

interval for the EEG signal was 20 seconds. The data points involved in the gathering of data were 10240 which 

were divided into 3750 segments. The dataset unlike the first one has just two simple classes namely Patients with 

Seizures and Patients without Seizure zones. Study have been done on 5 epileptic patients having 

pharmacoresistant temporal lobe epilepsy and before epilepsy operation the data was collected, AD-Tech 

manufactured invasive electrode placed on 10-20 placement system, Signals were digitally band pass filtered with 

0.5Hz and 150Hz 4th order butter worth filter. 

Both the above-mentioned datasets are raw datasets and are needed to be processed and filtered before they can be 

used. The first step in data filtering is the removal of noise from EEG signals which is a very important task 

because without it the process could lead to wrong conclusions. Here there are several ways to filter the data. 

Firstly, the Power line frequency and its harmonic noise. The main frequency is 50Hz/60Hz and its 2nd, 3rd, and 

4th harmonics are at 100Hz, 150Hz, and 200Hz. 
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Fig.  2 Power line frequency removal with low pass filter frequency plot 

Secondly, Eyeblink and eye movement-related artifacts. Here we have 4 ways to filter the data based on eye 

movement and blinks. Firstly, manually record eye blinks and remove them from the EEG signal. Secondly, Use 

adaptive filtering.  Thirdly, Use a Regression-based approach. Lastly, Blind source separation. 

 

Fig.  3 Eye blink movement in EEG signals detection 

As shown in figure 1, we have an EEG reading of brain movements when eye blinking occurs. Here at 0.000s, the 

blink occurs. Apart from the blink instance, we have the signal readings of 4 stages, two of which are pre-blink 

instances and two of which are post-blink instances of 0.250s and 0.025s respectively.  

 

Fig.  4 EEG Signals for all epochs with mean epoch presentation in graph format with time and amplitude uV as 

the axis 

 

As shown in fig. 4 all epochs have been shown along with the mean epoch hence the similar feature can be 

observed to all channel and in phase as well same as displayed in fig 5 as well. 
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Fig.  5 EEG remove mean epoch 

As described earlier Figure 4 has dc bias of 50uV which is removed to get the eye blink effect more precisely, 

which can be seen in fig. 5. After removing the bias voltage, the eye blink effect can be observed on all the 

electrodes with phase. To, have better visualization figure 6 we have assigned each electrode a color and shown in 

the sensor space. All electrode time series representation clearly shows that eye blink artifact can be removed once 

correctly detected the event. 

 

Fig.  6 EEG Individual all independent channel epoch 

IV. RESULTS 

For the classification of the epileptical seizure after the epoch and other filtering the analysis is followed. We have 

taken Kurtosis as a measurement parameter here for the observation. Kurtosis in probability theory represent 

measure of tailedness of probability distribution real valued random variable. As described earlie rall results are 

shown below.  

            (1) 

Kurtosis can be calculated using Eq. 1, where Yi represents ith variable of the distribution and Y describes mean 

of the Distribution and n is number of variables in the Distribution. 
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Fig.  7 Maximum and Minimum Kurtosis comparison 

Table.1 Comparison of kurtosis for all five patients type 

SET of Patients Max Kurtosis Min Kurtosis Difference of Kurtosis 

A - Normal 1.31308374488651 -0.253076442833439 1.566160188 

B - Normal with closed eyes 0.840466807785508 -0.540304975577669 1.566160188 

C - Early epileptic 2.83995921146648 -0.0894711856316212 2.929430397 

D - Epileptic 11.5229269853694 -0.37674025084941 11.89966724 

E - Epileptic while having seizures 6.79825661698114 -1.04253735678703 7.840793974 

CONCLUSION 

Applying the simple multiple classifiers with the selecting parameter as difference of kurtosis and compared the 

results, Approx 69% accuracy is obtained. 28% Patients with epilepsy are false negative and 4% normal subjects 

are identified as epileptic seizure patients which states that frequency domain features don’t give accurate results 

which we had already received in past with time domain analysis in earlier research [33].  

There’s enormous research already done and yet going on these datasets still there is scope of new methods and 

techniques which can improve the accuracy of the classification which reduces the false outcomes. Artificial 

Neural Network [24][30] and Deep Neural Network [26] are widely used in this subject which is giving good 

accuracy 91% but consumes more time and resources of the system. 95% of Accuracy achieve by recent research 

work in [32] Machine learning and Wavelet [29][31][35] transform technique. Spike detection and classifier 

algorithm has also provided competitive accuracy as described in [27][28][34]. A real time detection method was 

developed with similar higher accuracy [33] using time domain features which is giving accuracy 96.5%. 
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