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Abstract: One of the main issues in seizure prediction is to 
provide a workable approach to apply in implantable devices. 
For this purpose, power consumption and computational 
resources should be taken into account. Hence, our motivation 
for pursuing this work was to propose an algorithm in which 
not only implementation requirements could be adopted but 
also sufficient sensitivity and specificity could be obtained. 
Low computational burden of linear features make them as a 
proper choice for seizure prediction.   With Selection of optimal 
features using Principal components analysis (PCA) technique, 
the speed of algorithm can be increased.  Support Vector 
Machines (SVMs) have robust performance in high dimensional 
and imbalanced data. Therefore the proposed solutions are 
concentrated on power spectrum over different frequency bands 
and PCA for dimensionality reduction of features. Finally, SVM 
is applied for distinguishing brain states. In this study, seizure 
prediction method has been applied to EEG of 9 patients in the 
Freiburg database and has been achieving high sensitivity of 
88.9 % and low false alarm rate of 0.21 per hour. 
Keywords: Seizure Prediction, Principal Component 
Analysis (PCA), Support Vector Machine (SVM), 
Electroencephalogram. 
 

1. Introduction 

Unpredictable nature of epileptic seizures can cause 
many limitations in patients during daily lives. Therefore, 
the major current focus is to predict impeding seizure [1]. 
This can be advantageous to patients and may provide 
possibility of protection from hurts or seizure prevention. 
An algorithm which can be reliably capable of predicting 
seizure to use in implantable device is attracting 
widespread interest. This algorithm with some 
suppressing or abating seizure methods like stimulation 
in an effort to reset brain dynamics [2] or  focal cooling 
of the cortex [3] can be suitable in closed-loop therapy 
systems for epileptic patients. 

It has been observed that EEG signals, recorded from 
the brain can show changes prior to the onset of a seizure 
[4] and about 50% of 562 patients experienced “auras” 
before the seizures [5]. Notwithstanding limitation of 
recent findings about neuronal mechanisms of the preictal 
states, researchers guess that synchronization patterns 
might  be effective in distinguishing preictal, interictal 
and ictal states [6]. There are many literatures on seizure 

prediction using EEG processing, but no algorithm has 
yet been presented that can be applied in an implantable 
device [2]. 

The majority of techniques employed to predict 
epileptic seizures in recent years have focused on pattern 
recognition methods. Depending on its configuration, a 
method can be included preprocessing, feature extraction, 
feature selection, classification and post processing. EEG 
feature selection plays an important role in seizure 
prediction. Although nonlinear features showed hopeful 
performance [7], many studies demonstrated that 
nonlinear features may not prefer to linear features [8, 9]. 
Moreover, a drawback of nonlinear features was their 
complexity in calculation by comparison with the linear 
features. 

This study aims to consider computational and 
performance requirements in implantable devices. Hence, 
linear features have been employed due to its low 
computational burden and principal components analysis 
(PCA) has been used to reduce the dimension of data. 
Then, support vector machines SVMs and post 
processing have applied to the proposed algorithm in 
order to distinguish between preictal and interictal states. 

The rest of the paper is organized as follows. Section 2 
presents description of each component of the method 
used in this study. The performance of the proposed 
algorithm on the Freiburg dataset is evaluated in section 
3. Remarks for future works are presented on conclusion. 

 

2. Methods 

Despite many researches have been done in seizure 
prediction field, there were some limitations in these 
algorithms. The focus of these studies was limited to 
achieving high sensitivity and specificity, time and 
computational complexity for real time application were 
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