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Abstract 

 

Epilepsy is considered to be one of the most disturbing neurological disorders 

affecting the quality of life of the patients. Predicting seizures beforehand can 

provide a preemptive alert to the patient, providing a buffer time, improving the 

quality of life of the patients. Facilities to measure EEG signals from patients 

have provided a huge leap in the process of seizure identification. EEG signals 

can accurately predict the occurrence of seizure by measuring the neurological 

transmissions occurring in the human brain. However, we require systems to 

identify such patterns to alert users. This paper presents a neural network based 

signal detection architecture that effectively categorizes preictal signals from 

normal signals. This work provides an architecture that constructs the signal 

base by initially performing signal pre-processing and sequence based 

integration. This data is used to train the neural network model for prediction. 

The trained model can be effectively used to analyze streaming EEG signals 

from patients to accurately predict preictal signals. Experiments conducted by 

applying the trained model to a testing data revealed effective prediction levels 

in terms of accuracy. Time complexity was also observed to be low, making the 

system deployable on real time scenarios for direct stream analysis of EEG data.  

 

Keywords: Seizure Prediction; EEG; ANN; Signal Analysis; Preictal 

classification 

 

 

1. INTRODUCTION 

Epilepsy is a neurological condition in which the activity of the brain cells gets 

disrupted leading to seizures. It was identified that ~0.6% of the population suffer from 

this disorder [1], while a review [2] indicates that epilepsy is the most serious 
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neurological disorders.. The occurrence of seizure tends to affect motor, sensory and 

automatic functions of the body, along with cognition, consciousness and memory of 

the patient. Though this is a controllable disorder, several patients tend to develop drug 

resistant epilepsy requiring the need for resection. However, even this requires 

appropriate identification of the seizure focus to identify if resection is feasible [3]. The 

major problem faced by epileptic patients is that occurrence of epilepsy is not 

predictable. This makes it tedious for the patients to carry on with their daily tasks. The 

quality of life of the patients is hindered by this syndrome. However, the improvement 

in technology has given rise to a new set of tools, making it possible to measure brain 

activity. EEG is a neuro-diagnostic procedure that has been adapted worldwide due to 

its non-invasive procedure and affordable cost [4, 5]. Further, utilizing EEG signals has 

provided a considerable advantage by providing an increased chance of detection. The 

EEG signals measured from the brain indicates subtle variations a few hours prior to 

the actual seizure. These signals can be used to design a prediction system to provide 

appropriate alerts to patients [6]. Continuous monitoring of EEG signals can provide a 

deep insight to the learning model such that the signals can be distinguished more 

effectively [7, 8].  

 

2. LITERATURE REVIEW 

Seizure prediction, even though being a fairly new domain has several contributions to 

its credit. This domain can be analyzed from several aspects namely; seizure onset zone 

prediction, seizure identification and seizure prediction. Both require analysis of signals 

to identify patterns. However, the signal patterns vary with person, making the detection 

process rather difficult. This section discusses some of the recent contributions in this 

domain. 

An automatic seizure detection technique, which enhances the detection process by 

using SVM and Weighted Permutation Entropy was presented by Tawfik et al. in [9]. 

This work is based on the fact that the entropy of seizure signals are lower than the 

normal EEG signals. This technique is considered to be more robust, making it resilient 

to noise. An automatic system that performs resampling, smoothing and noise 

elimination to appropriately process EEG signals for seizure prediction was proposed 

by Menshawy et al. in [10]. A parameter based CAD system for identifying epileptic 

seizures was proposed by Sood et al. in [11]. This technique performs the base work by 

identifying the appropriate features from the data for identifying seizures. A similar 

technique that uses feature selection prior to preictal signals identification was 

presented in [12]. A technique dealing with analysis of neuroimaging data to identify 

probable epileptic focal regions is presented in [13]. A comparison study to identify the 

variations between EEG signals of a healthy person from an epileptic patient is 

proposed in [14]. A neural network based automatic seizure prediction was presented 

in [15]. Comparison studies analyzing several techniques for effective identification of 

preictal and seizure signals from normal signals was presented in [16,17]. FPGA based 

detection systems are also on the raise. One such contribution discussing the use of 

FPGA was presented in [18]. A fractional linear prediction technique used to 

differentiate ictal signals from seizure free signals was presented by Joshi et al. in [19]. 

This technique proposes to substantially reduce the modelling error, providing effective 



Fast and Effective Real Time Seizure Prediction on Streaming EEG Signals  169 

predictions. An empirical mode decomposition technique and second order difference 

plot based technique to differentiate ictal and seizure free signals was presented by 

Pachori et al. in [20]. Other nonlinear parameter based techniques include [21-24, 30]. 

A harmony search based algorithm for feature selection on EEG signals was presented 

by Zainuddin et al. in [25]. This technique focuses on the feature selection technique 

and is the initial contribution of the authors towards an EEG detection framework. 

Other harmony search based feature selection techniques include [26-28]. A generic 

seizure detection procedure used for generic seizure detection was presented by Parvez 

et al. in [29]. This technique uses statistics for the differentiation process.  

 

3. SYSTEM ARCHITECTURE 

The process of identifying epileptic signals from EEG data is divided into two broad 

phases. The first phase describes the architecture of the signal identification module, 

which builds the model for identifying epileptic (preictal) signals from the normal 

(interictal) signals. This phase uses the available input signals (both interictal and 

preictal) to derive a predictive model based on artificial neural networks. The next phase 

deals with utilizing the model to identify the probable occurrence of seizure. An alert 

level is maintained by the system and if the signals cross the recommended alert level, 

the patient is alerted on the probable occurrence of a seizure. The proposed seizure 

identification module is presented in Figure 1. 

 

 
Figure 1: Seizure Identification Module 
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Signal data obtained from the patient contains other metadata, apart from the actual 

signals. These need to be eliminated and the signal data is to be appropriately arranged 

according to the channels and the sequence numbers. The data preprocessing phase 

performs this process. The signal identification phase inputs the preprocessed signals 

and creates a prediction module for identifying the signals as interictal and preictal. 

This trained module is used for analyzing signals and predicting seizure. 

 

4. DATASET DESCRIPTION 

The dataset used for seizure prediction is composed of two sets of data; first set 

describing interictal or normal signals and the second set describing preictal signals. 

Preictal signals are generated prior to the actual seizure. Files are generated in .mat 

format containing metadata related to the record apart from the actual signal data. A 

signal form a single person constitutes 60 minutes of data; either normal or preictal and 

is divided into six files. In-case of preictal data, the signals prior to one hour and five 

minutes prior to seizure is recorded. The signal contains 60 minutes of data and the 

seizure takes place five minutes after the recording. Each file represents 10 minutes of 

EEG data. Each file contains a sequence number representing its time slot, the data 

length in seconds, sampling frequency and the number of channels used. 

 

5. OUR APPROACH 

Seizure prediction has been a very tedious task requiring both accurate data and an 

experienced interpreter to analyze the data. The process of analyzing data has always 

been performed manually due to the time series nature of the data. Several techniques 

have popped up in the recent years, however identifying a single technique that provides 

effective prediction have always remained a challenge due to the huge nature of the 

data involved. 

 

5.1. Data Preprocessing 
Signal data obtained from the patient usually contains details such as sequence length, 

the sampling frequency, channels used for reading the data and sequence number of the 

particular output, apart from the actual signal readings. This data has to be preprocessed 

to filter out the corresponding signals in the order of their sequence numbers. The signal 

sequences are arranged according to the channels. The dataset considered for the 

proposed approach uses 16 channels to record EEG signals from the patient. This makes 

the data 2-dimensional. This is converted into a single dimensional data using the 

slicing technique. Transpose function is applied on the data and the sequence number 

is added to the end as its corresponding class. Differentiation between interictal and 

preictal data is shown by providing sequence numbers with positive magnitude for 

interictal data and sequence numbers with negative magnitude for preictal data. This 

completes the data pre-processing phase. The preprocessed EEG signal data is then 

passed to the signal identification module. 

The current problem requires identification of the signal type (interictal or preictal) 

using the available signal. Hence the problem is identified to be a classification 

problem. The preictal signals obtained from a single user might be different from the 
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signals obtained from another user. However, there are several intricate patterns in the 

signals that indicates similarities between the two signals. Due to the demanding nature 

of the problem, learning networks proved to be the appropriate choice of algorithms. 

Hence the proposed technique uses Artificial Neural Networks (ANN) as the training 

model. Learning operations involved in the proposed approach is supervised learning, 

where the prediction model is created by using the training data containing both data 

and the class labels. 

 

5.2. Signal Identification Training using ANN 
Signal identification is performed as supervised learning using ANN. However data has 

to be modified according to the requirements of the ANN being used. The process of 

signal identification is performed in three steps as described below. 

 

5.2.1. Data Shuffling and Segregation 

The available data has to be divided into training and test data to identify the accuracy 

of the trained model. Prior to the actual division, the data is shuffled, making sure that 

similar data are not grouped together. Data grouping leads to inappropriate training 

samples, hence leading to biased training. Hence data shuffling becomes one of the 

mandatory steps that is to be applied on the data. 

Data segregation phase divides the input data into training and test data respectively. 

The division depends upon the level of training that is appropriate for the current data. 

This approach uses a division ratio of 75:25, meaning 75% of the total data is used for 

training and 25% of the data is to be used for testing. 

 

5.2.2. Data Normalization 

An important property of ANN is that it is sensitive to the data being used for training 

and hence requires normalized data. The data should be modified within a range of -1 

to +1. The dataset contains 17 attributes in total, 16 data attributes and one class 

attribute. All the data attributes are signal values, hence they are range normalized using 

Min-Max Normalization technique, while the class attribute contains interictal or 

preictal levels, hence is normalized using equilateral normalization. 

 

5.2.2.1.Min-Max Normalization 

Min-Max normalization fits a value within a range [c,d], where c is the minimum value 

and d is the maximum value. The Min-Max normalization can be performed using eq. 

               (1) 

 

This technique can be applied only on continuous data. The EEG readings, being 

continuous sensor data, can be normalized using Min-Max normalization. 
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5.2.2.2. Equilateral Normalization 

Equilateral normalization is usually applied on categorical or discrete data. This 

technique tends to increase the data size by increasing the number of columns in 

correspondence with the distinct values contained in the attribute being normalized. 

The predictions indicating the signal type, interictal or preictal and the corresponding 

levels for interictal or preictal stages are discrete values. Hence they are normalized 

using equilateral normalization technique. 

 

5.2.3. Network Creation and Training 
The next step in this process is the creation of an Artificial Neural Network (ANN). An 

ANN is a network inspired by biological neural networks in the brain. A simple working 

model of ANN contains three basic layers; the input, processing (hidden) and the output 

layers. Each layer is made up of several processing structures called neurons. Each layer 

has its own set of neurons, depending on the number of processing components 

required. A neural network can also have several processing layers in its structure, 

making it a deep learning system. User input is obtained from the input layer and is 

passed to the processing layer. The processing layer assigns default weights for the 

neurons and starts the training process. The network is trained with the input data and 

the corresponding training technique and provides the output to the output layer. 

Training is reiterated until the network reaches a specified threshold error level.  

This work uses a three layered neural network. The first input layer is constructed using 

the ActivationLinear function with 16 neurons. This corresponds to the 16 input EEG 

signals from the channels. The processing layer is constructed using ActivationTANH 

function and is composed of 17 neurons. The first 16 neurons correspond directly to the 

input, while the final neuron is a biased neuron added to fit the prediction. Biased 

neurons shifts the activation function to enable efficient prediction. The output layer is 

constructed with ActivationTANH function and is composed of 11 neurons. The input 

and the output layers usually correspond to the number of attributes contained in the 

normalized data file. Hence they differ from the actual input file containing the actual 

data.  

A neural network is created using the layers and Resilient Propagation is used as the 

training technique. Resilient Propagation or Rprop is a learning heuristic used for 

supervised learning in feedforward artificial neural networks [30]. Normalized training 

data is passed constructed neural network and the network training is initiated. Training 

is continued till the training error reaches the defined threshold level of 0.01. The 

trained network model is then tested with the normalized test data to identify the 

accuracy of the trained model. The model is deployed after obtaining an acceptable 

level of accuracy. 

 

5.3.Seizure Identification Working Architecture 
The neural network prediction model is only a part of the seizure prediction 

architecture. The actual working architecture includes continuous monitoring for 

signals and appropriate prediction for interictal or preictal signals and a threshold 

module that triggers the alarm, if the preictal threshold is reached.  
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Streaming EEG signal from the patient is provided as real time input to the seizure 

identification architecture. The signal is passed to the signal identification module made 

up of the trained neural networks model. Since the sampling frequency is set to 399.6 

Hz, every second generates approximately 400 signals. The nodes use 16 channels for 

generating signals, hence for every second, 400 records with 60 attributes each needs 

to be processed by the neural networks architecture. The input data is normalized and 

passed to the trained network model. The model performs predictions. Each of the 400 

signals are processed individually and individual predictions are provided for each of 

the signals. The maximum predicted value is considered as the final prediction for the 

signal block.  

 

The proposed model is trained using preictal signals that cover 60 minutes prior to the 

actual seizure. Hence the proposed model has the capability to predict signals 

appropriately prior to 60 minutes of occurrence of the seizure. This work classifies 

seizure into six levels; level 1 to level 6. Level 1 is the initial stage, while level 6 is the 

final and critical stage for notification. As the proposed prediction model starts working 

on the signals, it can encounter both interictal and preictal signals. In case of interictal 

signals, the patient is in the safe zone, hence no explicit notification takes place. 

However, when a level 1 preictal signal is encountered, the patient is considered to be 

in a low intensity danger zone. However, certain normal signals might also show some 

subtle variations, making them appear as preictal signals. Hence, even if the signals are 

preictal, no notification is carried out. The signals are observed if they maintain their 

preictal state for the next 10 minutes. At this state, the danger zone is further intensified 

and the patient is considered to be in the level 2 of the preictal state. A single notification 

alert is provided to the user describing the state and the buffer time left for the actual 

seizure to take place. After the next 10 minutes of analysis, if the preictal levels persist, 

the patient is considered to be in level 3 zone of the preictal state. This is considered to 

be the mid-level state. After this state, the patient is continually alerted to move to a 

safe zone or a hospital.  

 

At any point prior to level 4, the patient can revert back to an interictal state. This can 

be made possible due to the usage of medicine or the alarm might have been triggered 

by other reactions in the brain similar to seizure signals. If this state occurs, the patient 

is again reverted back to the safe zone.  

 

The notification alerts proposed in this paper are triggered as software alerts. This paper 

discusses the architecture of  EEG detection from the perspective of software. The 

architecture does not directly involve any hardware. The process of signal input 

however requires the support of a hardware system. The proposed architecture operates 

on the assumption that the signal is obtained and fed as input to the trained neural 

network model. Similarly, the process of alerting is described in terms of software 

alerts, however, the architecture is open, and hence facilitates the integration of 

notifications in the form of physical alerts through hardware.  
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6. RESULTS AND DISCUSSION 

The dataset for EEG is usually in the form of .mat files. Hence Matlab is used for 

preprocessing the data. The data contained in .mat files are separated and a class 

attribute is added to the data. The class attribute is labeled interictal irrespective of the 

sequence in which it is placed. When considering preictal stages, the class labels are 

provided as levels depending on the sequence number. The first sequence is named as 

level 1, the second sequence as level 2 etc. until level 6. For convenience, the class 

values are maintained to be numerical values. Positive values indicate interictal data 

and negative values indicate preictal states. The intensity levels can be observed from 

the actual values, -1 represents preictal level 1, -6 indicates preictal level 6. Each file 

contains data about a single sequence. Hence all the data are aggregated to form a single 

file containing both interictal and preictal data. This file forms the training set.  

The data is then passed to Artificial Neural Networks for model creation. The neural 

network setup is presented in Table 1. 

 

Table 1: Neural Network Setup 

Property Value 

Total Layers 3 

Input Neuron Count 16 

Processing Neuron Count 17 

Output Neuron Count 11 

Input Layer Function Activation Linear 

Processing Layer Function ActivationTANH 

Output Layer Function ActivationTANH 

 

Results obtained from the trained neural network are analyzed using a confusion matrix 

and the ROC and PR plots are constructed. 

 

 
Figure 2. ROC Plot 
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The ROC plot corresponding to prediction levels of the neural networks is presented in 

figure. It could be observed that the algorithm exhibits high true positive rates (TPR) 

and also high false positive rates (FPR). Though TPR levels are desirable, high FPR 

levels are undesirable exhibiting the necessity for improvisation in the algorithm. PR 

plots corresponding to the retrieval levels of the algorithm are presented in figure. It 

was observed that the algorithm exhibits high recall levels, however the precision rates 

are also low. Analysis of the ROC and PR plots shows that the algorithm has scope for 

improvisation. 

 

 
 

Figure 3. PR Plot 

 

 

Table 2: Results 

Measure Value 

Accuracy 88.8% 

True Negative Rate (TNR)/ Specificity 0 

True Positive Rate (TPR)/ Sensitivity 0.999628474 

False Discovery Rate (FDR) 0.1114 

Total Time Taken 120068 ms / 2 mins 

Total Records 808726 

Average time to process 1 batch (1 sec/400 

rec) 
0.059 ms 

 

Other results pertaining to the efficiency of the algorithm are presented in table 2. It 

could be observed that the proposed algorithm exhibits an accuracy level of 88.8%, 
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hence making the algorithm reliable. However, on observing other metrics such as 

positive prediction rate (TPR) and negative prediction rate (TNR), it was observed that 

the positive prediction rate of the algorithm was 0.999, however the negative prediction 

rate remained at 0. This means that the algorithm has capability to predict all the 

positive values effectively, however, the negative levels representing preictal states 

have been predicted wrongly. The false discovery rate, representing type 1 errors were 

identified to be 0.1114. However, the advantages arise from the fact that the algorithm 

is fast, and is able to predict a single batch (records for 1 sec) at an average time of 

0.059sec. 

 

7. CONCLUSION 

This paper proposes a time effective algorithm for predicting seizure from EEG signal 

data. It was observed that the proposed technique exhibits effective prediction time in 

the order of 0.059ms for every 1sec batch. Hence the algorithm can be effectively 

deployed in real time systems. However the downsides of the proposed techniques is 

that it exhibits very high training times, meaning that the time taken for training the 

model is high, making the training phase resource intensive. The major aim behind 

stressing this point is that EEG data is usually huge. The proposed technique works 

effectively on other aspects, providing high levels of accuracy and TPR rates. However, 

the true negative rates are low. Future research directions include utilizing Big Data 

techniques to perform the prediction process. Utilizing Big Data techniques will 

provide the much required scalability and hence tolerance towards data increase can be 

obtained. Further, the parallelization capabilities available in Big Data environment can 

be utilized to reduce the training time. Several GPU based deep learning networks are 

available for Big Data, however, such networks are fine-tuned with intermediate filters 

for image processing. Hence future extensions of the current work also include creating 

a stable deep learning framework for signal data. 
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