
Realtime Diagnosis of Epilepsy Using Time Domain Analysis and 

Conditional Classification Technique on EEG Data  
 

 
*
Abhishek Parikh

1

, Anil Suthar
2

 & Sandeep Shah
3

 
1Ph.D. Scholar Biomedical Signal Processing, Gujarat Technological University, Ahmedabad, 

India 
2Principal and Director, L. J. College of Engineering, Ahmedabad, India 

3Managing Director, Optimized Solutions Limited, Ahmedabad, India  
1abhishek.parikh@optimized.solutions, sutharac@gmail.com, sandeep@optimized.solutions  

 

Abstract: Detection of epileptic seizure activity using the recorded EEG data with good accuracy is very crucial. Early and 
accurate detection of epileptic seizure is very important as epileptic patients can be seizure free if treated well in advance. 
Earlier researchers have shown EEG based classifications and achieved good accuracy of epileptic patients with normal 
subjects using complex neural networks. In this research our proposed work is to classify patients with epileptic seizure and 
normal subjects as well as early epileptic patients using time domain analysis. Our method comprises basic gaussian filtering 
and raw conditional classification on power spectral density as a feature. We have achieved 96.5% and 95% accuracy for two 
publicly available datasets for three classes as described above and the method took 1.7 seconds of time to compute the data. 

Epileptic patients can be classified with normal subjects near real-time with good accuracy using EEG data. 

Keywords: Epilepsy patient classification, Real time diagnosis, EEG classification, Time domain analysis 

of EEG data 

 

1. Introduction 

Epilepsy is a global neurological disorder and more than 50 Million people suffer from it which is nearly 

equal to 1% of the global population. In lower income countries 139 from 1 lakh people are affected by 

epilepsy because of neurocysticercosis and malaria and in high income countries 49 from 1 lakh because 

of road traffic injuries and birth related injuries [1]. Epilepsy is a typical brain function disorder which 

can be characterized by the existence of unusual synchronous discharges in a big group of neurons in 

brain structure [2]. These discharges are generally described as “paroxysmal activity” and they are often 

seen either during in between seizures or at the time of seizures [3]. Epileptic seizures are a 

demonstration or explanation of epilepsy, because of the fast advancement of synchronous neuronal 

firing in the cerebral cortex. Epileptic seizures are recorded using the EEG, which is a measure of brain 

electrical activity. Epileptic seizures may occur in two ways. One from which can be in the local brain 

area which are partial seizures, which may be seen only in a few channels of the EEG recording or 

second involves the whole brain which are the generalized seizures, which are seen in every channel of 

the EEG recording [4]. Patients have experienced various symptoms during seizures depending on the 

location and extent of the affected brain tissue i.e., partial or global as mentioned above. With 

enormously affected people’s quality of life there are other disorders that occur like Negative physical, 

psychological and social consequences, including loss of consciousness, injuries and sudden death can 

be caused by epileptic seizure [5].  

 

Electroencephalography EEG is mostly used as tools as it is non- invasive and easy to deploy. EEG 

sensors senses the electrical activity of the brain so it is not harmful for the pacemaker or other patients 

as well speed of acquisition is a way faster than fMRI. It takes less than 5 minutes to set up the EEG so 

stress analysis of the brain can be measured and accuracy of the EEG sensor is also good enough to get 

accurate results. The only limitation of EEG is the low spatial resolution so a highly activated nearby 

neuron can affect the signal in nearby electrodes which may lead to wrong conclusions some time. 
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2. Literature Survey 

For accurate recognition of epileptic seizures there are several techniques that have been used. One of 

the technique Spike detection and clustering [9]. Multi-Spiking Neural Network (MuSpiNN) model 

based model and learning algorithm which employs the heuristic rules and best parameter values 

presented and observed that MuSpiNN learns the XOR problem in twice the number of epochs 

compared with the single-spiking SNN model but requires only one-fourth the number of synapses, for 

the iris and EEG classification problems, a modular architecture is used to reduce each 3-class 

classification problem to three 2 class classification problems and improve the classification accuracy. 

For the complicated EEG classification problem, a classification accuracy in the range of 90.7%94.8% 

was achieved, which is significantly higher than the 82% classification accuracy obtained using the 

single-spiking SNN with SpikeProp [6]. A multiparadigm approach based on the integration of 

wavelets, nonlinear dynamics and chaos theory, and neural networks advanced have been proposed. 

Using discrete wavelet transform techniques having the classification accuracy of 99.7% have been 

reported [7] where using continuous wavelet transform 96% accuracy have been reported [8]. Artificial 

Neural Network based techniques have been used earlier and have provided accuracy of 84% [10] and 

73% [11] based on the implementation. 

Using support vector machines automatic spike detection have shown 90.3% sensitivity, 88.1% 

selectivity and 9.5% false detection rate over 19 channel EEG records of 7 epileptic patients
 
[12].  

Topographic classification and template matching techniques [13] have been used and given mean 

sensitivity 88.1%, mean specificity 89.3% [14] another researcher from Florida university have 

obtained precision (Positive Predictive Value) of 85% and a Sensitivity of 79% [15]. Time frequency 

analysis have shown 89% accuracy using ANN for classification of 5 different classes and shown 100% 

accuracy on three classes. In another approach approximate entropy features derived from multiwavelet 

transform and ANN as classifiers have been used and provided best accuracy of 98.27% where average 

accuracy came 95%
 
[17].  A combined neural network-based approach consists of the first-level 

networks implemented for the EEG signals classification using the statistical features as inputs and for 

improving diagnostic accuracy, the second-level networks were trained using the outputs of the first-

level networks as input data. This algorithm has shown accuracy of 94.83% for classification in two 

classes. 

In most recent research machine learning techniques like Feed-forward neural network have been 

used along with anomaly detection using multivariate Gaussian distribution and LSTM (long 

short-term memory network) are employed to classify seizure and non-seizure data which have 

shown 97.4% Highest accuracy [19] Another two CNN based classifier approaches have been 

developed from which one have worked on Butterworth filter and time, frequency and wavelet 

domain feature extraction techniques which was followed by fisher and CNN given accuracy of 

99.53% for 2 classes and 98.67% for multiple classes[20]. Another CNN with resnet blocks 

implemented on Rats has achieved accuracy of ~99% for one task for 2 classes [21]. Nonlinear 

vector decomposed neural network after preprocessing of signal have given accuracy of 95.60% 

from Physchonet dataset [22]. 

 

3. Material and Method 

The EEG signals we have worked in this research have been obtained from two publicly available 

datasets, one is from Bonn University, Germany. Data was captured from five types of subjects denoted 

by A to E, every dataset contains 23.6 seconds duration and 100 single ended EEG channels segments. 

SET A and SET B are taken from healthy volunteers with open and closed eyes respectively. SET C, 

SET D and SET E are of Epileptic patients where SET C is taken from channels which are non-focal 

and at the time of seizure is not present and SET D is taken from focal channels without seizure time. 

SET E is taken from patients with epileptic seizure intervals. Frequency of recording is 173.61 Hz and 

band pass filter of 0.53Hz to 40Hz is applied with 12 bits Analog to digital converter. Electrode map is 

placed in standard 10-20 electrode placement system and amplified with 128 channel amplifier system. 

Second dataset is Bern-Barcelona dataset Department of Neurology of the University of Bern from five 

epileptic patients. There is a total of 3750 Focal EEG signals and 3750 Non-Focal EEG signals were  
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used in this study where samples per signal is 10,240. Duration of the acquisition was 20 seconds and 

sampling interval was 512Hz. Advantage of working with datasets is that enormous research has been 

conducted over both of them. 

EEG time-series data is always complex and visually it is difficult to get any outcome or to decide on 

the subject’s characteristics whether epileptic seizure is present or not unless observed by Neuro-

physician.  

 

Figure1. Timeseries raw data visualization of 14 channels EEG data amplitude 
 

Figure 1 is raw visualization of EEG data where horizontal axis represents sample and vertical axis 

represents channel. Power spectral density of EEG is shown in figure 2 below of frequency spectrum 

0.1Hz to 90Hz. But only power spectral density also doesn't give any insights on data. 

 

 

Figure 2. Frequency domain representation: Power spectral density plot of EEG 
data 

 

To extract the time domain features we have applied 5th ordered Butterworth band pass filter for 

individual EEG frequency bands. There are five frequency bands namely Alpha (7-13Hz), Beta (13-

39Hz),  
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Figure3. Left A. Power spectral density of EEG signal in Alpha wave (7 Hz to 13 Hz) band 
B. Power spectral density of EEG signal in Beta wave (13 Hz to 39 Hz) band C. Power 
spectral density of EEG signal in Gamma wave(more than 40 Hz) band D. Power spectral 
density of EEG signal in Theta wave (4 Hz to 7 Hz) band E. Power spectral density of EEG 
signal in Delta wave (0.5 Hz to 4 Hz) band Right A. Box plot of standard deviation of power 
spectral density of Alpha band B. Box plot of standard deviation of power spectral density 
of Beta band C. Box plot of standard deviation of power spectral density of Gamma band 
D. Box plot of standard deviation of power spectral density of Theta band E. Box plot of 
standard deviation of power spectral density of Delta band 
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Gamma (40-90Hz), Theta (4-7Hz) and Delta (0.5-4Hz).  Power spectral density data is shown in figure 3 

in this we have compared all of these bands. After applying the bandpass filter, we have extracted some 

of the time domain features like mean, standard deviation, quartile ranges, maximum and minimum 

values. We have compared individual features in tabular form. In figure 3 power spectral density of all 

the channels are obtained using the Python MNE tool. Band pass filter Butterworth 5th order mentioned 

above have design using Scipy Python library. 

 

Time domain features like mean, standard deviation etc. have been compared in table I below and after 

comparison standard deviation of power spectral density have been selected as a feature for the 

classification of the signals. Further we have plotted box plots as shown in figure 3. From figure 3 it can 

easily interpret that Alpha band standard deviation of power spectral density is negatively corelated with 

respect to class of patient expected. Beta, Gamma and Theta wave also cannot be helpful as much as 

those also have thin line difference and may lead to wrong conclusion. While Delta standard deviation of 

power spectral density gives result very much in favor to expectations. 

 
For Bonn university database we have used simple conditional classifier with three classes as below 

1. Subjects without epileptic seizures  

2. Mild epileptic patients 

3. Severe epileptic patients   

 

With Standard deviation taken as a feature and in delta band frequency we have applied above 

classification methodology. We have divided the complete dataset in 80 subparts and applied 

classification. Achieved accuracy of the classification we get is 96.25% which is good enough.  

 

For Bern Barcelona university dataset we have used the same classifier but here all the patients are 

confirmed epilepsy we have classified into two classes which are subjects without epileptic seizures and 

patients with epileptic seizures. We have sub divided dataset into 200 subsets and accuracy we have got 

for classification is 95.5% 

 

Table 1: Frequency band wise time domain feature comparison of EEG data 
 

Alpha band 7Hz - 13Hz 
Feature SET-A SET-B SET-C SET-D SET-E 
Mean 0.000485566 0.001291887 0.000868773 0.00533323 -0.00548849 

Std Dev. 20.29488514 46.84115973 17.47286089 27.49946932 164.2709163
Quartile 1 -12.1682114 -23.8452432 -8.68081568 -10.0094912 -79.7220742 
Quartile 2 -5.5951E-05 -0.00466810 -0.00407745 0.004412335 0.125094922

Quartile 3 12.14744376 23.85430242 8.665714976 10.08650795 78.92346828
Max 128.2673501 290.5082165 181.2640421 587.0718681 1050.833479
Min -126.675795 -300.164743 -182.241850 -575.292128 -1061.44278 

Beta 13Hz - 39Hz 
Mean 0.000961018 0.002137938 -0.00044650 0.000175206 -0.01003506 

Std Dev. 18.12243572 28.6410049 12.33721075 15.83122905 162.2247684
Quartile 1 -11.00750182 -16.67243925 -5.200952979 -5.066872101 -50.20155436
Quartile 2 -0.036328199 -0.024569050 0.010699216 -0.006610237 0.106913098
Quartile 3 11.01005088 16.70401604 5.216012834 5.08470564 50.68021034

Max 130.6701452 177.5399009 209.5864075 520.6910293 1505.092656
Min -125.543732 -179.916012 -196.866367 -494.188088 -1532.26216 

Gamma >40Hz 
Mean 0.000062558 0.000294582 -5.05E-06 -0.00026799 -0.00069560 

Std Dev. 3.174769831 4.431299483 2.831358692 2.72949054 11.54336896
Quartile 1 -1.813963181 -2.020734926 -1.265549261 -1.160484625 -2.649241464
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Quartile 2 0.011249301 0.018063760 0.000654655 0.000826336 0.022705043
Quartile 3 1.815137392 2.022737991 1.261428641 1.162222808 2.737840603

Max 37.87824735 61.12759347 37.43685543 104.8357159 295.6252847
Min -45.8202546 -75.6110661 -47.6498589 -130.176412 -244.267434 

Theta 4Hz to 7Hz 
Mean -0.00540789 -0.00007456 -0.00331996 -0.00210392 0.025379639

Std Dev. 14.19786625 17.6927803 20.40985839 31.96556171 193.8344657

Quartile 1 -8.973417529 -10.73219952 -11.14908845 -12.82246866 -97.85063169
Quartile 2 -0.000494026 -0.000120266 -0.001793641 -0.013674557 -0.010034989

Quartile 3 8.975778789 10.74272801 11.21704787 12.80939117 97.53951743
Max 87.4400175 102.6906434 165.880045 544.4723895 1089.49881 
Min -90.3207075 -99.2873860 -179.134628 -487.897956 -1084.91275 

Delta >4Hz 
Mean -0.00607458 -0.03045225 -0.00842186 -0.12243428 0.081510991

Std Dev. 24.89749218 25.68293649 43.48543372 71.58392695 158.4526481
Quartile 1 -15.4130658 -15.73506763 -23.54700182 -23.40099724 -71.32558752

Quartile 2 0.000131031 -0.000375257 -0.184056820 -0.106263137 0.737684189
Quartile 3 15.22555654 15.76373761 22.99098409 24.29084967 72.8956018 

Max 146.8574349 182.409969 237.4156803 810.2394536 1161.292257

Min -148.380357 -172.686419 -291.091058 -1284.92918 -1196.98714 
 

4. Conclusion 
Algorithm that we have developed is providing accuracy which is comparable to other researchers. Our 

results are better in terms of following points  

 

1. There are no neural networks and completely lightweight algorithms which can be deployed in 

tiny microcontrollers for real time detection and prediction of epileptic patients.  

2. This is not learning based hence it is not patient or measurement device dependent We have 

proven this by working on two different datasets 

3. Box plots are easier to understand and hence like to understand normal EEG to understand 

outcome of algorithm person not having expertise / medical profession can also understand it 
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