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Abstract 
 
The goal of this research is to propose a machine learning technique for 

seizure prediction in the Electro-Encephalo-Graph (EEG). In this proposed 

research work Children Hospital Boston-Massachusetts Institute of 

Technology (CHB-MIT) database and EEG data collected from Fortis Malar 

Hospital Research Institute India, and Seizure Prediction in Freiburg, 

Germany (FSPEEG) are used. The initial pre-processing involves artefact 

removal (baseline correction) and filtering. During the course of research, the 

non-seizure and pre-seizure features are collected through spectral, statistical 

and nonlinear methods and then Artificial Neural Network (ANN) model, 

used for signal classification. The non-seizure and pre-seizure signals are 

labeled using the database gold standard and neurologist expertise is taken. 

The algorithms are optimized on pre-labeled non-seizure (normal) and pre-

seizure by fine tuning the classifier. The efficiency of ANN classifier is 

analyzed. The achieved classification accuracy shows that the proposed 

forecasting of seizure method has potential in classifying seizure EEG signal. 

The efficiency of the analysis and classification results is presented. In this 

prediction work, subject independent and subject specific methods have been 

tested. The prediction accuracy is found out to be 79.54 % with mean  
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prediction time 13:34 minutes for subject independent seizure prediction 

method. The subject specific method of prediction accuracy is found to be 

88.00 % with 13:25 minutes. 
 

Keywords: Electroencephalograph, Spectral, Statistical, Nonlinear, 

Classifier, Prediction of seizure 

 

1 Introduction 
 

Epileptic seizure is a neurological disorder affecting a variety of mental 

and physical functions which afflicts and impose restrictions on the patients‟ 

daily life. Thus automatic detection and prediction of epileptic seizure is of 

great importance. Over last two decades many seizure detection and few 

prediction methods have been developed on the basis of the theory of linear 

methods, wavelet analysis and non-linear dynamics. The next section 

provides important literature available for the methods of automatic seizure 

detection and seizure prediction. 

 

1.1 Literature Review 
  

In this section, some of the epileptic seizure prediction methods found in 

the literature and most of research work evolved from using the short data set 

(Andrzejak, University of Bonn), EEG time series (CHB-MIT) and Seizure 

Prediction in Freiburg, Germany (FSPEEG) database are listed. 

Roland Gini et al., (2011) in [1] presented seizure prediction method by 

computing spectral band power using moving averaging autoregressive 

model and cross correlation quantity. A multiple classifier is proposed to 

anticipate seizure. They suggested optimal window size to be 5 seconds to 

extract useful information about pre seizure features. 

 Tohru Okanishi et al., (2012) showed clearly inter that ictal slow waves 

in seizure onset zone and ictal zone are the components inhibit seizure 

activity [2]. Lack of inhibition 5 minutes before seizure defined pre ictal. 

Alternation in slow wave components in spike (sharp) and wave complex 

(SWC) feature predicts seizures. The mechanism of SWC in inter ictal is 

indications of seizure onset or seizure precursor. 

Nilufer Ozdemir et al., (2014) derived patient specific seizure prediction 

system uses Hilbert spectrum for feature extraction and classifiers 

accommodate is Bayesian statistical network [3]. Inter ictal data are analyzed 

in terms of 96% sensitivity with 0.21 false alarms per hour and 33.21 

minutes earlier to seizure event detected. Vidyasagar et al., (2015) tested 

short EEG dataset for performance evaluation of various classifiers for 

automated seizure detection problem and reported Artificial Neural Networks 

(ANN) based classifier has emerged with high accuracy followed by Support 

Vector Machine (SVM) [4]. 
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2 Feature Extraction 
 

Features emphasizing the information in signals are extracted for use in 

the classification process. During the course of research many features such 

as spectral, statistical and nonlinear are extracted and run through the 

designed classifier. 

The features namely Variance, Root Mean Square (RMS), Standard 

Deviation (SD), and Inter Quartile Range (IQR) are extracted. The feature 

alpha delta ratio (ADR) is chosen from frequency domain method, 

subsequently Fractal Dimension (FD), Hurst Exponent (HE) and Detrended 

Fluctuation Analysis (DFA) features are selected from nonlinear method. 

Finally multichannel features like Phase synchrony magnitude, Phase 

Locking Value (PLV), Coherence in Delta band (COHD) and Coherence in 

Alpha band (COHA) are selected as features and all these are used to develop 

ANN model. For feature extraction of Phase synchrony magnitude, PLV, 

COHD and COHA two channels of EEG are processed. 

The results of the method used with detector prompted in implementation 

of prediction method optimal feature parameters determined from feature 

extraction. Most prediction techniques used today are based upon linear 

models. Although those models are useful and have been used for many 

years to predict seizure, the models are somewhat limited in their ability to 

predict in certain situations. It is very important for prediction models to be 

able to identify non-linear relationships while allowing high level of noise 

and chaotic components. 

Hence, ANN is used for the prediction. The purpose of using ANN is to 

be able to predict data patterns that are difficult for the traditional statistical 

models. A significant merit of neural network is that, when proper training is 

rendered, the system can work effectively with particular target output for 

which they are designed. 

   

3 Prediction of Epileptic Seizure 
 

Artificial neural network is similar to the human brain function, which 

consists of simple arithmetic units connected in complex architecture. ANNs 

are the result of research findings that use these mathematical concepts to 

model nervous system functions. The resulting methods are utilized applied 

to seizure detection and prediction applications. 

 

3.1 Principles of ANN 
 

An ANN is composed of artificial neurons as shown in Figure 3.1, is the 

basic elements of a neural network. The ANN contains three basic 

components that include synaptic weights, thresholds and an activation 

function. 
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Figure 1Basic Elements of an ANN 

 

3.2 Description of the Data Used 
 

The dataset Children Hospital Boston-Massachusetts Institute of 

Technology (CHB-MIT) are used for seizure prediction work. We also 

worked with EEG recordings done in the department of neurology at Fortis 

Malar hospital and Research Institute (FMH&RI), Chennai, India. The EEG 

data are collected from 25 Subjects age ranged from 07-50; they come for 

epileptic seizure evaluation to the hospital. Most of EEG selected for the 

study is from generalized epileptic seizure and the subjects whose EEG 

analyzed were withdrawn antiepileptic drugs during hospital stay to induce 

seizure. We collected data on a standard EEG acquisition Nicolet Nic One 

Video EEG system utilizing 16-bit analog to digital converter sampled at a 

rate of 256 Hz with a band pass filter of 0.13-70 Hz and also was filtered 

with 50 Hz notch filter. These dataset are used for the testing and to validate 

the result. And also FSPPEEG (Freiburg Seizure prediction Project EEG) 

data set are used for testing performance [5-9]. 

 

3.3 The Pre Ictal and Ictal Characteristics within the EEG Signals 
 

The activity of the Seizure Onset Zone (SOZ) is often comprised of 

spikes (sharp) and wave complex (SWC), which are different from 

components of non-seizure EEG signals. Moreover, identification of the 

seizure activity included EEG channel /channels (focal channels), structure 

of the rhythmic activity differs from one individual to other and also there are 

different types of seizure occurrences. Considering all these important points 

the work is focused on generalized seizure and the channels studied are given 

in database  
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and suggestions from the expert neurologist are considered to identify 

preictals. SOZ is the origin of epileptic seizure, commonly shows interictal 

spikes or SWC. Interictal Zone (IZ) shows frequent interictal discharges 

(Figure 3.2 (a)). These salient points are outlined that can help to design a 

seizure onset detector. 

• The frequency domain features –power in delta and alpha bands 

of seizure varies from non-seizure signals, so signal‟s spectral energy can be 

utilized to obtain the salient features. 

• The seizures in EEG of a subject have similar attributes, so the 

classifiers can utilize two or three recordings for training. Once the subject‟s 

recording is trained subsequent other EEG signals are used for testing. 

• The seizures nature in EEG of a subject varies with other 

subjects, hence the detector has to be developed for every subject individual, 

so as to achieve better performance (patient- specific detector) results. 

Akiyama et al., (2011) reported the hypothesis after study of components 

of epileptic activity [10]. Interictal SWC correlation with period, amplitudes 

of SWC following spike wave decrease in preictal period. The summary of 

above said hypothesis is amplitude of slow wave components for SWC 

between interictal and preictal periods. Power of slow wave frequency 

between interictal and preictal periods are very important features. 

Alternations of slow wave components in SWC predicting the seizures. The 

pattern of the wave shown in right of the Figure 3.2 (b) preictal appeared 

well before onset of the seizure activity. 

 

 

 
 

(a)                                                                       (b) 
 

Figure 2 (a) seizure onset zone (SOZ) and Interictal zone (IZ) regions 

(b)  Seizure onset zone (Image courtesy: Department of Neurophysiology and 

Neurology, The hospital for sick children, Japan) 
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3.4  Seizure Prediction 

 

The proposed seizure prediction algorithm is illustrated in Figure 3.3 and 

the algorithm is based on         pre-processing of EEG data for denoising and 

acquiring different segments for analyzing sliding window, feature extraction 

with spectral analysis (Fourier based), nonlinear analysis, statistical and 

multichannel approach –coherence , phase synchrony estimation. In this 

method, the EEG signal is decomposed to 8 second epochs, then features 

from seizure and non-seizure EEG signals of each subject for prediction is 

developed. 

The study has used openly available two EEG data sources CHB-MIT. 

Along with this as well data collected from hospital such as FMH&I of 

Chennai, India.  

The segments of one hour prior to seizure occurrence record (non 

seizure) and subsequent seizure record (ictal) of one hour, a total of two hour 

segments are selected from the multichannel continuous recordings of one 

exemplary subject. 

 The seizure prediction algorithm contains pre-processing, feature 

extraction, classification and evaluating the results, as outlined in Figure 3.3 

flow chart. 

 

 

 
Figure 3 Flow chart of the proposed seizure prediction system 
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3.4.1 Selection of Training Data and Window Size 

 
Window selection plays an important role; window size reviewed in the 

literatures would differ from 2 second to 10 seconds. Selecting window 

would help in extracting useful information from EEG data without any loss. 

It was found that choosing 8 seconds computational window is optimal. The 

inhibitory slow waves in the inter-ictal spike and a wave pattern at 5 Hz. At 

least of 8 seconds duration window allows inter-ictal (non seizure) and pre-

ictal (pre seizure) slow wave analysis in Spike (sharp) and wave complex 

(SWC) can predict seizure occurrence. 

Almost, seizure detection and prediction methods have similar steps: i) 

feature extraction ii) classification. With the moving window analysis, the 

features of the stages computed for multichannel EEG recordings. The 

classification phase is applied to establish from computed features, whether 

EEG have seizure precursor (preictal) and ictal (seizure) or non seizure (no 

seizure occurrence). The method follows a similar in traditional kind, which 

is feature extraction followed by classification of features into non seizure, 

pre-ictal and ictal states. 

 

3.4.2 Features of Non Seizure, Pre Seizure, Seizure and Post 
Seizure 

  
 The overview of the seizure prediction algorithm is shown in Figure 3.3. 

This algorithm chooses the EEG of four channels (symmetrical). The feature 

extraction technique is then applied on each epoch length and the features are 

computed in time domain, spectral and nonlinear models. From the optimal 

four channels right frontal (RF), left frontal (LF), right temporal (RT) and 

left temporal (LT) SOZ is detected by looking into the computed values of 

mean SD of the channel, PLV, COHD, COHA. Focal, two channels are 

selected and also this information of (focal) channels are given in dataset. A 

three-layer ANN is utilized to train the acquired features from non-seizure, 

pre-seizure zone and seizure EEG signals of every subject for discrimination 

and targeted to find the pattern of SW. Two selected focal channels two 

hours EEG time series test data for prediction are given in Figure 3.4. 
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Figure 4 Two selected focal channels two hours EEG time series test data for 

prediction 

 

3.5 Application of Seizure Prediction In ANN  
 

ANNs have numerous advantages over conventional detection 

techniques. Artificial neural networks have been shown their ability to 

perform detection and prediction of seizure. ANNs are capable of 

characterizing highly nonlinear functions and performing many input, many-

output mapping. Presently, the Back Propagation Neural Network (BPNN) 

has been used. The back propagation is based on three layers such as input, 

hidden and output layers. BPNN method is utilized for training multilayer 

ANNs. It is a multilayered forward network with gradient based delta 

learning rule, generally called as back propagation rule or delta rule. BPN 

algorithm consists of three main parts i) forward, ii) backward and iii) adjusts 

weighted value. The network is trained by supervised learning method. 

 

 
3.5.1 Training Algorithm 
 

The training algorithm of back propagation is based on four stages. 

• Initialization of weights 

• Feed forward 

• Back propagation of errors 

• Updating of the weights and biases. 
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3.5.2 Signal Feature Extraction 
 

The activity of the seizure onset consists of frequency contents, which 

varies from the contents of          non-seizure signals. The significant focal 

channels and structure of rhythmic activity differ across individuals. The 

important points outlined from aforesaid discussion in section 3.4 help to 

develop a seizure predictor and detector. 

• The selected features in time domain, frequency domain, non-

linear method and from the multi channels are extracted. 

• For the selected method, the preictals and seizures within EEG 

of a patient must have atleast three seizures for training and testing. 

• The seizures components within EEG of a subject vary with 

other subjects, so the predictor is to be developed on patient specific manner. 

 
3.5.2.1 The Scheme of Seizure Prediction Method 
 

The method follows the steps as: 

i) Split the signals into L-second epoch, each epoch is of 8 seconds 

duration. W contains number of epochs (W=number of epochs). 

ii) The selected statistical features in time domain are variance, 

Root Mean Square (RMS), Standard Deviation (SD) and (Inter Quartile 

Range) IQR. The frequency domain features (Alpha delta Ratio) ADR. The 

nonlinear features (Hurst Exponent (HE), Fractal dimension (FD) and 

Detrended Fluctuation Analysis (DFA). The multi channels (focal channels) 

features such as coherence in alpha band (COHA), delta band (COHD) Phase 

synchrony and Phase Locking Value (PLV).  

iii) Calculate the features in each epoch for entire EEC of two hour 

non seizure conditions for data shown in Figure 3.4. The feature vector, 

R=7200secods (two hour data) divided by 8seconds (epoch length) =800 

periods multiplied by 12 feature parameters (so R=.W˟N˟M for classes). 

iv) Label the output (target vector) „1‟for non seizure cases, „2‟ for 

seizure predictor or seizure pre cursor or preictal zone and „3‟ for seizure. 

The labelling is done accordingly from the identification of detection of 

SWC as discussed, seizure detection results, as given in gold standard in the 

database and doctors‟ expertise has been taken. (In this record, CHB05_22, 

CHB-MIT dataset is discussed and illustrated). 
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4 The Back Propagation Network (BPN) classifier 
 

 The ANN classifier is trained with Levenberg-Marquardt back 

propagation method. The count of inputs for the ANN is 12; the input layer 

of the network, by default it consists of 12 neurons. A single hidden layer is 

utilized, with respect to the network efficiency and testing. To calculate the 

hidden node count, the common rule (the number of inputs + outputs) * 2/3 

is used where number of inputs are 12 and outputs are3.Hence the test carried 

out for the value 10 as the hidden layer neurons. Three output neurons to 

indicate non seizure, seizure predictor and seizure. The architecture of BPN 

is as shown in Figure 4.1. 

 

 
 

Figure 5 Inputs targets and an ANN used for training and testing 

 

 The benchmark dataset provided at CHB-MIT, subject number 5, data 

file CHB05_21 (non seizure) and CHB05_22 (Seizure contained record), 

total of 2 hours 7200 seconds are concatenated. EEG sampled at 256 Hz. 

Seizure focal locations are provided in the dataset as frontal. The entire 7200 

seconds data is divided into 8 second epochs, 900 x12 arrays was acquired 

from 3 conditions on test from two focal channels.   

Tests are carried out for 10 hidden layer neurons. The target value is set 

as 1 -non seizure, 2- prediction (pre ictal) and finally 3- seizure condition. 

From the our detection methods also as given in dataset (gold standard) ,the 

two hour long EEG record is marked with legends blue-non seizure, cyan-pre 

seizure contained, red-seizure and green-post seizure. . 
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4.1 Test Structure 
 

 The system will be tested in two configurations: subject independent and 

subject specific. Both the setups use training and testing data and provide 

unbiased results. 

 

4.1.1 Subject Independent 
 

Subject independent is more difficult than subject specific because of 

large variations in the characteristics of EEG can change features 

considerably from one subject to the other. However normalising the features 

before classification, the results made relatively perform well. 

To start our prediction system, the data records from the subjects, 70 

recordings. Out of which 50 are randomly selected are used for training and 

remaining 20 are used for testing the prediction and detection. The sample 

selection relies on the supposed length of pre-seizure period and is used as 

prediction horizon in the literature of seizure prediction. Similar way non 

seizure, seizure epoch chunks specified as in dataset and neurologist 

expertise. The EEG recordings can be divided into following these periods‟ 

non seizure, pre seizure and seizure. 

The goal of classifier is to classify non-seizure, pre-seizure and seizure 

signals using machine learning approach. The challenge is to detect the 

mapping between training set and unseen test set. The classifier is ANN, 

which learns non-linear mapping from the train set features {x}i=1 … 

nT=12, where nT=12 is number of training features in to subject‟s states, non 

seizure (1)and pre seizure (2) and seizure (3). In this method of classification, 

training, validation and testing of 70 recordings, a total of 124 vectors for 

each of 3 classes, a total of 372 output vectors are resulting. For balanced 

classification results, the whole trial is decomposed into M subsets, where 

out of 70, 50 are used for training and the remaining 20 are being used for 

testing. Let‟s {y}i=C 1,2,3 designates the ANN validation test outputs 

mapping to calss1 or class 2 or class3. 

 

4.1.2 Detection 

 
To investigate predictability and detection of seizure, the time series 

signals two focal channels are applied to detect pre seizure state and seizure 

state. Figure 4.3(a) EEG recording of 2 hours duration is first divided into 8 

second epochs. The objective of the classifier is to classify pre ictal/ ictal 

using machine learning approach. The seizure prediction and seizure 

detection result is shown in Figure 4.3 (b) - (c). 
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4.1.3 Post Processing 
 

Artefacts like eye blinking and muscle movement may contribute to the 

misclassification. Hence, post processing is performed to predict epileptic 

seizure on ANN classified signals accurately. 

Kaushik Kumar et al., (2011) have explained differential operator 

windowed variance method to detect automatic seizure onset [11]. The 

changes prior to seizure onset, they observed sharp transients (STs) in EEG 

and reported about the width of STs taken two minutes. They also explained 

signals observation window in terms of triplet. This has been utilized in 

identifying the seizure predictor and the same has been implemented. The 

algorithm detects actual seizure prediction target from seizure predicting 

horizon is illustrated in steps are summarized. The algorithm is also 

presented as a flowchart in Figure 4.2. 

The following algorithm is to detect the output unit that has a similar 

pattern with the input vector from the seizure prediction horizon to identify 

actual seizure. 

Step 1: Initialize counter=0; 

         Initialize time bound slot=2 minutes; 

Step 2: For given target vector perform steps 3 to 5; 

Step 3: Read the data, If position= peak, first peak identified 

Step 4: Read from first peak, look for next 2 minutes for peaks. 

Step 5: If the counter= 3 peaks in 2 minutes,  

         Actual seizure predicted, break; 

Step 6: If count not equals to 3 peaks, go to step 3 

Step 7: Test for stopping condition. 
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Figure 6 Inputs targets and an ANN used for training and testing 

 

    The prediction results shown in the second row of Figure 4.3(b) where 

decision in each two minutes is taken based on two step decision. Different 

seizes of windows are also tried however the proposed two steps is the best 

in terms of prediction accuracy and false alarm. Mohammad Zavid Parvez et 

al., (2015) used similar technique for the analysis to identify actual pre 

seizure cursor from pre seizure horizon [12]. The post processing technique 

showing the actual seizure predicted at the symbol (𝛥) in Figure 4.3(b). 

The performances of the proposed method, the detailed information of 

patients from the data set with subject independent results are given in Table 

4.1. The prediction accuracies of the aforementioned seizure prediction 

techniques are relatively low. Figure 4.3(c) showing the result of seizure 

detection with 2 false seizure detections in the pre seizure horizons and  

 

 



                                                                                                                  
 

 

 

 
 

865  6   D.K. Ravish et al 

 

subsequent result for the seizure detection is presented in Table 4.1. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 7 (a) - (c) Test EEG recording, prediction and detection results example for 

subject 5, (two hours, record numbers CHB05_21and 22) EEG signal recorded on 

frontal focal channel 
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Table 1 Seizure prediction results 

 
Serial 

Number 

Subject 

Number 

Seizure 

Prediction 

(minutes) 

Seizure 

Detection 

 

1 CHB01_04 00:07:18 Detected 

 

2 CHB01_18 00: 02:24 Detected 
 

3 CHB02_16 00: 01:56 Detected 
 

4 CHB03_01 00: 02:42 Detected 
 

5 CHB03_03 00: 06:56 Detected 
 

6 CHB04_28_1 00: 15:35 Detected 
 

7 CHB05_22 00: 37:28 Detected 
 

8 CHB06_04_2 00: 12:12 Detected 
 

9 CHB07_13 00: 15:40 Detected 
 

10 CHB08_21 00: 34:00 Detected 
 

11 CHB09_19 00: 12:24 Detected 
 

12 CHB10_30 00: 04:11 Detected 
 

13 CHB10_38 00: 04:35 Detected 
 

14 CHB11_99 NP Detected 
 

15 CHB18_32 00: 21:52 Detected 
 

16 CHB18_36 NP Detected 
 

17 CHB20_16 00: 12:27 Detected 
 

18 CHB22_25 00: 21:18 ND  

19 CHB23_06 NP Detected 
 

20 CHB24_01 00: 21.53 Detected 
 

Mean prediction time 00:13:13  

                                        NP - Not predicted                                 ND - Not detected  
 
4.1.4 ROC Curve Analysis 

 
Receiver Operating Characteristics (ROC) is a metric used to check the 

quality of classifier. ROC analysis curve is a simple and most widely used 

tool to examine the performance of classifier. Sensitivity is the true positive 

ratio (TPR) and specificity is the false negative ratio (FPR). ROC curve is 

obtained for the ANN classifier shown in Figure 4.4. The graph shows four 

curves representing non seizure, seizure prediction zone, seizure and 

worthless tests  
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are plotted on the same graph. The accuracy measure depends on the how well the 

ANN discriminates the classes. Graph shows a well tradeoff between sensitivity and 

specificity. The closer the curve to the left border and the top border of the ROC 

space, the tests are said to be accurate. The area 1 represents the perfect test, 0.9 is 

the excellent, 0.9-.0.8 is the good, 0.7-0.8 fair and an area of 0.5 plotted diagonal 

gray line shows the worthless. Figure 4.4 shows the curve of sensitivity versus 

specificity. 

 

 
Figure 8 Receiver operating characteristics curve of the classifier 

 
4.2   Subject Specific 

 

The subject independent classifier has a comparatively less accurate, in 

order to improve the algorithm. The system is trained and tested on subject 

specific. It is sensed to adopt a leave-one-out technique cross validation 

strategy to the data in each trail. This is also called as jack-knife procedure. 

In this procedure each subject‟s dataset samples is saved and a classifier is 

designed using the remaining n-1 sample, the sample that was withheld was 

tested. This procedure is repeated, leaving out a different sample, for testing 

each time, until „n‟ different classifiers have been designed. In this method at 

least 2 seizure recordings of each subject is minimally required. 

 

5 Results and Discussion 
 

In, prediction work of subject independent seizure signals have been 

tested for CHB-MIT dataset, 20 seizure signals out of which all are predicted 

with mean prediction time 00:13:13 minutes. In this method BPN classifier 

has accuracy of 75% for three classes (non seizure prediction in pre seizure 

horizon and seizure. Performance of proposed seizure prediction methods for 

both approaches is given in the Table 5.1. First row of the table reads the 

serial number, dataset used, method and number of cases with detection 

results.  
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Similar way verification of ANN based algorithm test results for data 

collected from the other sources are presented in second and third rows. The 

average seizure prediction time claimed by the researchers‟ Turkey N 

Alotaiby et. al, (2014), for pre defined patient specific information. The EEG 

time series containing 86 seizures are 22.5 minutes. Mark H Myers et. al, 

(2016), seizure prediction approach via phase and magnitude for the bench 

mark data set (CHB-MIT) reported several minutes up to 30 minutes [13-16]. 

 

Table 2 Performance of Seizure prediction results 

 
Serial 

Number 

Dataset Method Number of 

cases 

Mean 

prediction 

time in  
(minutes) 

Predicted  Detected 

1 

 

CHB-

MIT 

Subject 

independent 

20 00:13:13 17 19 

Subject 

specific 

16 00:13:36 15 16 

2 FMH 

&RI 

Subject 

specific 

24 00:11:05 21   22 

3 FSPEEG Subject 

specific 

10 00:15:34 09 22 

 

Of particular interest and importance subject specific prediction system is 

also developed.  We tested our subject specific algorithm for all 70 seizure 

signals in the CHB-MIT dataset. The algorithm results in prediction of 66 of 

the 70 seizures, and 69 of the seizures are detected. The mean prediction time 

is 00:14:11 minutes are obtained. The prediction fails in cases due to less 

seizure duration is about 16 seconds.   

The method is also tested data collected Fortis Malar Hospital & 

Research Institute (FMH & RI) at Chennai dataset collected in clinical 

conditions with supervision of neurologist and less artefact environment. The 

mean seizure prediction time is 00:11:05 minutes. For the dataset algorithm 

results in predicted 21 seizure signals and 22 seizures are detected out of 24 

recordings. The proposed method has two methods are used, one being 

subject independent and other being subject specific. Finally a bench mark 

FSPPEEG (Freiburg Seizure prediction EEG) project for data used for testing 

subject specific seizure prediction method and the results obtained are 

tabulated in serial number 3 in Table 5.1. The prediction accuracy is found 

out to be 79.54 % with mean prediction time 13:34 minutes for subject 

independent seizure prediction method. The subject specific method of 

prediction accuracy is found to be 88.00 % with 13:25 minutes. 
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6 Conclusion 
 

 In this section all features namely a)variance, b)Root Mean Square 

(RMS), c)Standard Deviation (SD) and d) (Inter Quartile Range) IQR, e) 

(Hurst Exponent (HE), f) Fractal dimension (FD), g) Detrended Fluctuation 

Analysis (DFA), h) (Alpha delta Ratio) ADR ,i) Phase Locking Value 

(PLV),j) Phase Synchrony magnitude, k)coherence in delta band (COHD) 

and  l) coherence in alpha band (COHA) are collectively used for 

classification and hence for prediction and detection. The results show that 

the patient independent and patient specific approaches. Certainly patient 

specific method has preferred. Furthermore as of requirement to verify 

whether system perform for other datasets, the method has been tested using 

benchmark database made available by Freiburg Seizure Prediction, 

University of Bonn, Germany and as well data collected from the Fortis 

Malar Hospital & Research, Chennai, India. Thus it is concluded that using 

the developed subject independent and subject specific methods, the 

occurrence of seizure can be predicted with an average duration of 13 

minutes prior to its actual occurrence. Though the seizure prediction time is 

approximately the same in both the methods, the prediction accuracy is better 

in the newly developed subject specific method. 
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