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Abstract— Epilepsy is a type of neurological disorder that 

causes abnormal brain activities and creates epileptic seizures. 
Traditionally epileptic seizure prediction is realized with a visual 
examination of Electroencephalogram (EEG) signals. But this 
technique needs a long time EEG monitoring. So, the automatic 
epileptic seizures prediction schemes become a requirement at this 
point. This study proposes a method to classify epileptic seizures 
and normal EEG data by utilizing the Intrinsic Time-scale 
Decomposition (ITD)-based features. The dataset has been 
supplied from the database of the Epileptology Department of 
Bonn University. It contains 5 data groups A, B, C, D, E.  The study 
aims to classify healthy and epileptic data, so data of groups A and 
E are used to perform evaluations of proposed methods. The EEG 
data are decomposed into Proper Rotation Components (PRCs) by 
ITD. The feature extraction methods are applied to the first five 
PRCs of each EEG data from healthy and epileptic individuals. 
These features are classified using K-Nearest Neighbors (KNN), 
Linear Discriminant Analysis (LDA), Naïve Bayes, Support 
Vector Machine (SVM) and Logistic Regression classifiers. The 
results demonstrated that the epileptic data is differentiated from 
normal data by applying the nonlinear ITD with outstanding 
classification performance. 

Keywords— EEG; Electroencephalogram; Epileptic Seizures; 
Intrinsic Time-Scale Decomposition. 

I.  INTRODUCTION  
Epilepsy is one of the neurological disorders related to 

distortions of brain activity that about 0.5-1.5% of the worldꞌs 
population suffers from, affecting the quality of their lives. This 
condition suffers people of all ages, affecting both females and 
males. Epileptic seizures are manifestations of epilepsy that are 
abnormal electrical activity and ingenerate in the nerve cells. 
The seizure is defined as temporary interruptions or uncontrolled 
irregularities on cerebral cortex functions [1]. Epileptic seizures 
show an alteration from one person to another person whose 
brain may be active in certain zones or all zones [2]. The 
generalized and partial seizures are classes of the epileptic 
seizures. In addition to these, epileptic seizures occur in different 
brain lobes of different individuals, so it is no chance to identify 
a standard focus center or channel for the studies. 

Epileptic seizures can be recorded by using 
Electroencephalogram (EEG), which is a record of the electrical 
activity in the neurons of the brain. EEG is a painless, non-
invasive, inexpensive recording tool, commonly preferred to 
identify neurological disorders of the patients. Therefore, it is 

widely utilized in epileptic seizure diagnosis [3]. Traditionally, 
epileptic seizure detection is realized using visual inspection of 
EEG signals by expert neurologists into different classes such as 
seizure (ictal) and healthy [4]. The interictal signs of epilepsy 
can be predicted utilizing a short period of EEG recording. 
However, this method needs to long-term EEG monitoring to 
capture the interictal signs that is very time-consuming and 
generally gives incorrect estimations [5, 6]. Because the 
epileptic seizures have infrequent nature structure. The 
algorithms of various signal processing techniques have become 
popular since the duration of the records will make it difficult to 
examine and diagnose epileptic seizure predictions. It has been 
observed that many signal processing studies have been 
performed to facilitate the diagnosis of epilepsy and to detect 
epilepsy attacks beforehand [7-9].  

 EEG signals have characteristics of nonlinear and 
nonstationary. In recent years, many algorithms have been 
introduced to overcome these problems and have attracted great 
interest for epileptic seizures prediction studies such as 
empirical mode decomposition (EMD), ensemble empirical 
mode decomposition (EEMD), multivariate empirical mode 
decomposition (MEMD), complete ensemble empirical mode 
decomposition (CEEMD) [10-16]. Intrinsic mode functions 
(IMFs) are decomposed from raw EEG signals with these 
methods and features extracted from IMFs to classify as seizure 
epileptic data or not. The various feature extraction methods, 
such as temporal, spectral, statistical, and nonlinear features, are 
utilized to obtain high-performance evaluations.  

 A new time-frequency representation and data-driven 
method that is named as intrinsic time-scale decomposition 
(ITD) is introduced and utilized for examination of nonlinear 
and nonstationary signal applications [17]. The performance of 
the algorithm in biomedical signal processing studies is 
investigated, and it has been observed that high success. ITD-
based studies are available in the literature [18]. The proper 
rotation components (PRCs) are provided with ITD in the time 
scale domain.  

In this study, Intrinsic Time-Scale Decomposition based 
classification model for epileptic seizure prediction is presented. 
The features that are extracted from various Proper Rotation 
Components (PRCs) are classified to predict the health and 
seizure of epileptic EEG signals. The performances of the first 
three PRCs of ITD are selected for feature extraction techniques 
and feature vectors of them evaluated by several classifiers. 
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II. METHODS 

A. Dataset 
 The EEG data processed in this paper is provided from open 
available online library at the department of epileptology at the 
University of Bonn [19]. The dataset includes five data 
categories as A, B, C, D, E. The each of the data groups includes 
100 single-channel EEG signal files which each of 23.6s in 
duration. The sampling rate of the data is 173.61 Hz, and each 
EEG data consists of 4096 samples. Group A and B data are 
EEG data recorded from healthy individuals using surface 
electrodes. Group C and D data include EEG data recorded from 
epileptic patients using intracranial electrodes but without 
seizures. Group E data includes EEG data of epileptic 
individuals that are recorded utilizing intracranial electrodes and 
contains epileptic seizures. This study aims to introduced a 
method to obtain a significant difference between EEG data with 
epileptic seizures and EEG data of healthy individuals, so 95 
data of group A, 96 data of group E, are utilized for processing. 
The 40 Hz, low pass filter, is applied to eliminate artifacts from 
EEG data in the preprocessing step. 

 The block diagram of the proposed study was depicted in 
Fig. 1. The PRCs are decomposed from low filtered EEG signals 
using ITD. The feature extraction techniques are applied to first 
three PRC. The power spectrum density, mean, higher-order 
moments (1st-4th), Hjorth parameters, sample entropy, renyi 
entropy are utilized as a feature extraction technique. The class 
of the ITD based features is predicted using classifiers. The 
following section explains the methods of the study. 

B. The Intrinsic Time-Scale Decomposition (ITD) 
In this study, normal and epileptic EEG signals have 

separated utilizing the features that are derived from the ITD 
method. The ITD is a fast and real-time implantable time-
frequency representation technique [17]. Frei and Osorio 
introduced the new ITD technique for complex signal 
processing [17]. This method is iterative decomposition 
technique that determines the baseline using a linear transform, 

and decomposed the baseline part from the original EEG signal. 
Thus, PRCs are providing, which are mono-components [20]. 
It is a suitable technique for nonstationary and nonlinear EEG 
analysis. The algorithms of the ITD is described in the next 
paragraphs. 

The EEG signal is represented wit  𝑥𝑥(𝑡𝑡), and provide a 
baseline subtraction operator 𝐿𝐿  to the lower frequency baseline 
signal [20]. 𝐿𝐿𝑥𝑥(𝑡𝑡) indicates the instantaneous mean of the signal 
and represented as 𝐿𝐿(𝑡𝑡). 𝐻𝐻𝑥𝑥(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) − 𝐿𝐿(𝑡𝑡) determine the 
PRCs and assigned as 𝐻𝐻(𝑡𝑡). Thus, EEG signal can be 
decomposed as 𝑥𝑥(𝑡𝑡) = 𝐻𝐻(𝑡𝑡) + 𝐿𝐿(𝑡𝑡). The detailed information 
about ITD as follows: 

• The extrema of the 𝑥𝑥(𝑡𝑡) is obtained and named as 𝑥𝑥𝑘𝑘, 
and the corresponding occurrence time instant is 𝜏𝜏𝑘𝑘  
where 𝑘𝑘 = 0,1,2, ⋯. 

• The 𝐿𝐿(𝑡𝑡) and 𝐻𝐻(𝑡𝑡) are provided over the interval 
[0, 𝜏𝜏𝑘𝑘],  and the signal 𝑥𝑥(𝑡𝑡) is located on  [0, 𝜏𝜏𝑘𝑘+2]. 
The baseline extraction operator is evaluated between 
extrema 𝑥𝑥𝑘𝑘 and 𝑥𝑥𝑘𝑘+1 over the interval (𝜏𝜏𝑘𝑘, 𝜏𝜏𝑘𝑘+1] 

𝐿𝐿𝑥𝑥(𝑡𝑡) = 𝐿𝐿(𝑡𝑡) = 𝐿𝐿𝑘𝑘 + 𝐿𝐿𝑘𝑘+1−𝐿𝐿𝑘𝑘
𝐿𝐿𝑘𝑘+2−𝐿𝐿𝑘𝑘

(𝑥𝑥(𝑡𝑡) − 𝑥𝑥𝑘𝑘)  𝑡𝑡𝑡𝑡(𝜏𝜏𝑘𝑘, 𝜏𝜏𝑘𝑘+1]       (1) 
where 

𝐿𝐿𝑘𝑘+1 = 𝛼𝛼 [𝑥𝑥𝑘𝑘 + 𝜏𝜏𝑘𝑘+1−𝜏𝜏𝑘𝑘
𝜏𝜏𝑘𝑘+2−𝜏𝜏𝑘𝑘

(𝑥𝑥𝑘𝑘+2−𝑥𝑥𝑘𝑘)] + (1 − 𝛼𝛼)𝑥𝑥𝑘𝑘+1            (2) 
and 0 < 𝛼𝛼 < 1 and generally 𝛼𝛼 = 0.5 is used. The spline 
interpolation is not used to local extrema for baseline 
generation. Therefore, the undershoot and overshoot drawbacks 
can be eliminated, and the possible formation of spurious 
extrema and shift in or exaggeration of existing parts can 
abstain. 

• The PRC extraction operator is given as 
        𝐻𝐻(𝑡𝑡) = 𝐻𝐻𝑥𝑥(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) − 𝐿𝐿𝑥𝑥(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) − 𝐿𝐿(𝑡𝑡)         (3) 

Therefore, ITD decomposes the PRCs in frequency order from 
high to low. Thus 
                               𝑥𝑥(𝑡𝑡) ∑ (𝐻𝐻𝑖𝑖(𝑡𝑡) + 𝐿𝐿𝑝𝑝(𝑡𝑡),𝑝𝑝

𝑖𝑖=1                          (4) 

where p is denoted as the number of the provided PRCs. 

 
Fig. 1. The block diagram of the ITD-based method. 
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C. Feature Extraction 
The time-domain, spectral, statistical and nonlinear 

feature extraction techniques (11 features) are utilized for 
first five PRCs and feature vector obtained for classification 
of epileptic and normal EEG signals. 

• The mean value of the PRCs are evaluated in time 
domain as follows: 
               𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑣𝑣𝑀𝑀𝑣𝑣𝑣𝑣𝑀𝑀 = 1

𝑁𝑁 ∑ 𝑋𝑋[𝑀𝑀]𝑁𝑁−1
𝑛𝑛=𝑜𝑜                  (5) 

The PRC is defined with 𝑋𝑋[𝑀𝑀] and 𝑁𝑁 indicates the size of the 
PRC in the above equation.  

• The Renyi entropy evaluation is utilized for defining 
the spectral complexity of the time series [20]. The 
measurement can be calculated with: 

𝑅𝑅𝑀𝑀𝑀𝑀𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅(𝑞𝑞) = 1
1−𝑞𝑞 (𝑣𝑣𝑅𝑅𝑙𝑙 ∑ (𝑅𝑅𝑖𝑖)𝑞𝑞,𝑛𝑛

𝑖𝑖=1  𝑞𝑞 > 0, 𝑞𝑞 ≠ 1  (6) 

The use of higher valued 𝑞𝑞, approaching infinity which 
provides renyi entropy that increasingly determined by 
estimating only the highest probability events. The selection 
of lower values of 𝑞𝑞, converging zero, which evaluates renyi 
entropy that increasingly weights all possible situations more 
equally, without their probabilities.  

• The spectral features are calculated considering the 
spectrum of the PRCs by using the periodogram 
method. Total power, 1st-4th moments are evaluated 
as follows [22, 23]: 
                        𝑠𝑠(𝑤𝑤𝑘𝑘) = 1

𝑁𝑁 |𝑋𝑋(𝑤𝑤𝑘𝑘)|2                     (7) 
 

                𝑇𝑇𝑅𝑅𝑅𝑅𝑀𝑀𝑣𝑣 𝑅𝑅𝑅𝑅𝑤𝑤𝑀𝑀𝑅𝑅 = ∑ 𝑠𝑠(𝑤𝑤𝑘𝑘)𝑁𝑁−1
𝑘𝑘=0                (8) 

 
      𝑚𝑚𝑖𝑖 = ∑ (𝑤𝑤𝑘𝑘)𝑖𝑖𝑠𝑠(𝑤𝑤𝑘𝑘),     𝑖𝑖 = 1,2,3,4𝑁𝑁−1

𝑘𝑘=0            (9) 
 

           𝐻𝐻𝑖𝑖
𝑚𝑚 = − ∑ 𝑃𝑃𝐽𝐽(𝜑𝜑𝑖𝑖)𝑚𝑚𝑣𝑣𝑅𝑅𝑙𝑙𝑃𝑃𝐽𝐽(𝜑𝜑𝑖𝑖)𝑚𝑚

𝑗𝑗            (10) 
In the above equations, 𝑠𝑠(𝑤𝑤𝑘𝑘) indicates the power spectral 
density of the PRCs, which is indicated by the periodogram 
method. The discrete Fourier transform of the signal 𝑋𝑋[𝑀𝑀] is 
represented with 𝑋𝑋(𝑤𝑤𝑘𝑘). And, 𝑁𝑁 is the size of PRC and  𝑤𝑤𝑘𝑘 =
2𝜋𝜋
𝑁𝑁 𝑘𝑘; 𝑚𝑚𝑖𝑖; given is Eq. (8), defines the higher-order spectral 
moments of the utilized signal. The 𝐻𝐻𝑖𝑖

𝑚𝑚 represent the entropy 
of the corresponding signal, and 𝑃𝑃𝑗𝑗(𝜑𝜑𝑖𝑖)𝑚𝑚 is power spectral 
distribution. 

• The Hjorth parameters of the PRCs are utilized as 
features. These parameters are activity, mobility, 
complexity. The activity evaluation defines the 
signal power, the variance of a time function. This 
can represent the surface of the power spectrum in 
the frequency domain. The mobility feature 
indicates the mean frequency or the proportion of 
the standard deviation of the power spectrum. This 
is evaluated as the square root of the variance of the 
first derivative of the signal  𝑋𝑋[𝑀𝑀] divided by 
variance of the signal 𝑋𝑋[𝑀𝑀]. The Complexity feature 
represents the alterations in frequency. 

       𝐴𝐴𝐴𝐴𝑅𝑅𝑖𝑖𝑣𝑣𝑖𝑖𝑅𝑅𝑅𝑅𝑖𝑖
𝑚𝑚 = 1

𝑁𝑁 ∑ [𝜑𝜑𝑖𝑖
𝑚𝑚(𝑀𝑀) − 𝜑𝜑𝑖𝑖]2𝑁𝑁−1

𝑁𝑁=0          (11) 

      𝑀𝑀𝑅𝑅𝑀𝑀𝑖𝑖𝑣𝑣𝑖𝑖𝑅𝑅𝑅𝑅𝑖𝑖
𝑚𝑚 = √𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝐴𝐴(𝑑𝑑𝜑𝜑𝑖𝑖𝑚𝑚

𝑑𝑑𝑑𝑑 )
𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝐴𝐴𝑖𝑖

𝑚𝑚                           (12) 

      𝐶𝐶𝑅𝑅𝑚𝑚𝑅𝑅𝑣𝑣𝑀𝑀𝐶𝐶𝑖𝑖𝑅𝑅𝑅𝑅𝑖𝑖
𝑚𝑚 = 𝑀𝑀𝑜𝑜𝑀𝑀𝑖𝑖𝑀𝑀𝑖𝑖𝐴𝐴𝐴𝐴(𝑑𝑑𝜑𝜑𝑖𝑖𝑚𝑚

𝑑𝑑𝑑𝑑 )
𝑀𝑀𝑜𝑜𝑀𝑀𝑖𝑖𝑀𝑀𝑖𝑖𝐴𝐴𝐴𝐴𝑖𝑖

𝑚𝑚                      (13) 
Here, in Eqs (11), (12) and (13), (𝜑𝜑𝑖𝑖)𝑚𝑚  represents the higher-
order spectral moments of the time-frequency components. 

D. Classification 
The different types of features are evaluated, and these 

ITD-based features included into the feature vector. The 
feature vector consists of a sample size 955𝐶𝐶11. The first 
480 row data include features that are obtained from epileptic 
data and labeled with ꞌ0ꞌ, while the other rows are consists of 
features that are provided from healthy EEG data and labeled 
with ꞌ1ꞌ. The obtained feature vector classified with different 
classifiers to predict epileptic seizures or normal EEGs. The 
features that are extracted from selected PRCs of the EEG 
signals are utilized to separate normal and epileptic seizure 
segments of the EEG by processing Naïve Bayes, SVM, 
KNN, LDA and Logistic Regression.  

III. RESULTS AND DISCUSSION 
The prediction of epileptic and healthy EEG signals using 

ITD-based features is proposed. The first three PRCs of each 
sample are selected for feature extractions in this study. The 
performances in feature vectors of each PRCs (PRC1-PRC3) 
are evaluated using different classifiers. The results of the 
proposed study using different PRCs and classifiers are 
represented in Table 1. In this table PRC1, PRC2, PRC3, 
indicates the features that are obtained from the 
corresponding PRC. The results demonstrated that the 
proposed study could be predicted the epileptic and healthy 
EEG signals with higher performances. The performances of 
classification in features that are using PRC1, PRC2, PRC3 
separately is higher than the performances of classification in 
features that are using PRC4, PRC5 with all classifiers. The 
performance values generally decreased from PRC1 feature-
based classification to PRC5 feature-based classification. 

IV. CONCLUSION 
This study proposed the ITD based epileptic seizure 

prediction using EEG data supplied from the database of the 
Epileptology Department of Bonn University. The study 
aimed to classify healthy and epileptic data, so data of groups 
A and E are processed to performance evaluations of the 
proposed analysis. A nonlinear ITD method provides high-
frequency PRCs that includes the signature of variations. The 
features are obtained from the first five PRC and feature 
vector created. This study explored the different PRCs based 
features with different classifiers.  The results demonstrated 
that the proposed analysis method could be separated the 
epileptic and normal EEG samples. The clinicians can be 
used this automatic epilepsy detection method instead of the 
long-time EEG monitoring since the proposed approach is 
time effective, quick and robust method.  
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TABLE I. THE PERFORMANCE EVALUATIONS (%) OF  EPILEPTIC SEIZURE PREDICTION  USING ITD-BASED FEATURES WITH DIFFERENT CLASSIFIERS 

Classifiers Components Accuracy Specificity Sensitivity Precision F1 score 
 

SVM 
PRC1 94.8 92.08 97.90 91.70 94.70 
PRC2 96.3 93.14 100 92.7 96.21 
PRC3 97.4 95.0 100 94.8 97.33 

 
KNN 

PRC1 98.95 97.94 100 97.92 98.95 
PRC2 99.48 98.96 98.96 98.96 97.98 
PRC3 92.67 90.1 95.56 89.58 92.47 

 
LDA 

PRC1 94.76 90.48 100 89.58 94.51 
PRC2 93.72 88.79 100 87.50 93.33 
PRC3 96.34 93.14 100 92.71 96.22 

 
Naïve 
Bayes 

PRC1         99.48 100         98.97           100 99.48 
PRC2 100 100 100 100         100 
PRC3 93.19 88.68 92.82 87.50 92.82 

    
Logistic 

Regression 

PRC1 97.4         94.79 100        95.0                  97.44 
PRC2 97.9 95.83 100 95.96 97.94         
PRC3 96.9 95.83 97.89 95.88 96.87 
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