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Abstract: Epilepsy is recognized to be one among the most critical and central nervous system (neurological) disorder affecting 

the human brain. Epilepsy can be detected with the help of Electroencephalography (EEG), EEG is an effective technique which is 

used to monitor the brain activity. EEG also used for diagnosing epilepsy. By analyzing the EEG raw data epilepsy can be detected 

at early stages. In this paper, we presented a technique for detecting the disease using EEG raw data. The proposed model is made 

using a neural network technique called artificial neural network (ANN).The model will be trained using the larger dataset of patient 

diseases. Finally, the model will be tested against random samples to obtain the results. The results obtained 92.6% of maximum 

accuracy using ANN. 

 

IndexTerms -Epilepsy, Electroencephalography, Artificial Neural Network, Machine Learning Signal Analysis, Medical   

Applications. 

 

I. INTRODUCTION 

 

One of the most prevalent neurological conditions affecting people worldwide is recognized as epilepsy. According to the WHO, it 

is the second most prevalent neurological condition that affects millions of people, only after stroke. A seizure occurs in one out of 

every 100 people at some point in their lifetime. Most epilepsy cases start at an early stage or teenage and some cases start  in old 

age. Seizure is not the same disorder as epilepsy or can say that all seizures are not epilepsy fits. People affected with epilepsy will 

suffer from sudden seizures. In this period, it is difficult for them to protect themselves. It happens when a normal neuronal network 

suddenly turns into a hyper-excitable network. This process is called as epileptogenic, which affects mainly the cerebral cortex. The 

seizures characteristics vary and depend upon the disturbance first starts in the brain, and far it spreads. The symptoms that occur 

are as follows: disturbances of movement, loss of consciousness, and the problems in hearing, vision, mood, or other cognitive 

functions. 

In order to identify an epileptic seizure, electroencephalography (EEG) is essential. To detect the ionic currents moving within the 

brain, electrodes are positioned around the scalp, and the voltage variations and differences between them are measured. 

                                                             
                                                                                       Fig 1: EEG Electrodes 
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The detection with EEG requires immediate examination by a physician along with the substantial amount of effort and time. It is 

difficult to analyze the recordings and detect the epilepsy is complicated. Therefore, automation, and a computer-aided method is 

urgently needed for the diagnosis of epilepsy. 

Basically, diagnosis is the principal purpose of EEG signals. All forms of brain problems, such as epilepsy, tremors, concussions, 

strokes, and sleep disturbances are treated by it. In more recent EEG apps, machine learning is used as an analysis technique. 

Numerous studies have focused in particular on using machine learning to diagnose sleep problems and epileptic seizures. EEG 

signals are used in games that control and modify objects while tracking brain activity. 

                                     

                                                                  
                                                       Fig 2: Frequency Bands of EEG Waveforms 

 

The Electroencephalograph measures the waves of various frequencies within the brain. If the frequencies are excessive, imperfect, 

or difficult to access, the mental performance can suffer. The raw data of EEG has usually described in terms of frequency bands, 

those are: Gamma waves which are greater than 30Hz, these waves are recognized as the fastest brain waves. Gamma waves mainly 

occur when you are conscious and highly alert state. Beta waves are in the range of 13-30Hz, these waves occurred in the state of 

stress and a phenomenon called ‘Alpha blocking’ and they do not occur in humans until three years of age. Alpha waves are in the 

range of 8-12 Hz, Alpha waves occurred in awake adults while resting with the eyes closed. Theta waves are in the range of 4-8Hz, 

Theta waves occurred during the sleeping or dreaming. Delta waves are in the range less than 4 Hz, these waves occurred in the 

deep sleep and occurred in some abnormal process. 

EEG offers a cheap and efficient approach to examine brain function, among other benefits. There is no risk of radiation from the 

object. 

Related works: 

[1]They proposed a model for detection of epilepsy by using a machine learning technique. The KNN and SVM are using to detect 

the seizure. Data with signals are recorded with a sampling rate of 173.6 segments. The data is recorded from ten people in them 

five are from epilepsy patients during seizure and another five are healthy people. Model was made under using the extraction of 

feature of each wave in frequency domain, wavelet Transform, time domain. Feature selection done with SFFS, T- test. By 

considering the Sensitivity, Specificity, and accuracy of the SVM model has been good over KNN. 

[2]In this paper, they applied the algorithms such as SVM, RF, KNN, Decision Tree, Artificial Neural Network (ANN) using the 

PCA reduction technique to detect epilepsy. They analyzed these algorithms by the performance using PCA and without PCA. They 

divided dataset by setting 75% to training and 25% for testing. This model using Random Forest detected higher accuracy of 97% 

with low Computational time compared to the other algorithms. 

[3]In this paper, they proposed the improved RBF model to detect epilepsy using EEG. To classify signals of epileptic EEG 

accurately, they had done research to analyze features from non-linear and linear interrelations and they put those as input to the 

RBF model to get effective features. They also introduced the OAO method to detect the classification for epilepsy by computer. 

[4]They proposed the model by using the SVM and KNN to detect epilepsy. They also compared these algorithms by considering 

the accuracy and latency of these models respectively. They used the dataset from CHBMIT Scalp EEG Database. They used the 

sampling frequency of 256 Hz, which means that 256 data points per second were recorded. They divided into three second 

segments. They concluded that KNN performed better than SVM with 78% accuracy respectively. 

[5]In this paper, they proposed automatic detection for epilepsy using various time-frequency approaches. They developed Machine 

learning technique Novel RF-GSO as, automatic epilepsy seizure detection. This is based on PCA analysis along with time- 

frequency analysis. The novel model has its limitations. The detection will be affected, if the noise is too high. Before using this 

model, it is necessary to do pre-processing to remove the noise in EEG. This model can detect and decisions more effectively and 

accurately. 

[6] They suggested using machine learning to analyze EEG data in order to identify the beginning of an epileptic seizure. They 

considered and evaluated the SVM method which they worked on the CHB-MIT database. They trained this method for 916 hours 

on data collected from 24 patients. Their model detected the percentage of 96% of 173 test seizures, and delay of 3 seconds for 

median detection. 

[7] To identify epileptic seizures, they suggested using a CNN imaged-EEG model representation. They made advantage of the data 

set gathered from the EPILEPSIAE study and the CHB-MIT database, which both contain intracranial and scalp recordings. The 
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proposed method got precision of 62.7%, recall of 58.3% for a CHB-MIT database, and performances for the EPILEPSIAE data 

are low comparatively. There proposed model got accuracy of 99.3 and 98.0 respectively. 

[8]They proposed detection models for the epileptic seizure event and onset detection. They used a Bonn University EEG database 

and a CHB-MIT database for onset. The data is recorded with the Daubechies wavelet features which are computed at the third and 

fourth level. The features are maximum, minimum, standard deviation, entropy, mean, and energy. They achieved accuracy of 

84.2%.Within the case of onset detection, and a sensitivity of 98.5% has been achieved at 1.76 seconds with a mean latency.  

[9]They proposed a Discrete Cosine Transformation (DCT) type II algorithm for detecting seizure, which extracts features of energy 

from sub-bands by transforming the signal into frequency-domain. They suggested a technique to choose the ideal subset from a 

total of 23 channels by taking into account their maximum variation. They employed KNN to identify frames that were interictal 

or at ictal distance for Euclidean distance. They had achieved 93.12 of F1-score, and a False-Positive Rate average of 0.07 where 

they tested on CHB-MIT dataset which includes data of 21 patients. 

 

II. METHODOLOGY 

 

Dataset: 

The dataset used here is taken from Kaggle. This dataset is about confused student EEG brainwave data. The features of the dataset 

are as follows: 

1. Subject Id 

2. Video Id 

3. Attention 

4. Mediation 

5. Raw 

6. Delta 

7. Theta 

8. Alpha 1 

9. Alpha 2 

10. Beta 1 

11. Beta 2 

12. Gamma 1 

13. Gamma 2 

14. Predefined labeln 

15. User-defined labeln 

16. Gender 

17. Age 

18. Ethnicity 

Below is a representation of the model's block diagram.

 
                                                    Fig 3: Block Diagram 

 

EEG signal acquisition is the initial stage. This is essentially unprocessed raw data. Pre-processing, which occurs in the second phase, 

can help the model's accuracy by removing noise and other outliers from the dataset. The third phase is feature extraction. Based on 

the requirements of the machine learning algorithms, the conversion of raw data into inputs takes place. The fourth phase is feature 

selection which is the selection of required parameters. The fifth phase is ANN training. Here the model will be trained with the help 

of the training dataset. The last phase is ANN testing. Testing set consists of the unknown data which learns on the training set to 

evaluate the performance. 
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Implementation of machine learning algorithm: 

 

A computational model called Artificial Neural Networks (ANN) imitates how nerve cells function in the human brain. ANN 

employs learning algorithms that, in a sense, "learn" as they receive new data and can independently make corrections. The benefit 

of utilizing ANN is that it can learn and model complex, non-linear interactions. After learning from the original inputs and their 

associations, it may also generalize and predict on previously unexplored data. Due to the non-linear and complicated nature of 

many relationships between inputs and outputs in real life, these characteristics of the ANN make it extremely significant. In this 

work a new model is proposed to identify the epilepsy disease from the given data set.  

 

The following is the suggested architecture's block diagram. 

                                                  Model: "sequential_1" 

_________________________________________________________________ 

 Layer (type)                Output Shape              Param #    

================================================================= 

 dense_9 (Dense)             (None, 64)                960        

 

 batch_normalization_8 (Bat  (None, 64)                256        

               chNormalization)                                                  

 

 dropout_8 (Dropout)         (None, 64)                0          

 

 dense_10 (Dense)            (None, 124)               8060       

 

 batch_normalization_9 (Bat  (None, 124)               496        

               chNormalization)                                                  

 

 dropout_9 (Dropout)         (None, 124)               0          

 

 dense_11 (Dense)            (None, 248)               31000      

 

 batch_normalization_10 (Bat (None, 248)               992        

               chNormalization)                                                 

 

 dropout_10 (Dropout)        (None, 248)               0          

 

 dense_12 (Dense)            (None, 512)               127488     

 

 batch_normalization_11 (Bat (None, 512)               2048       

               chNormalization)                                                 

 

 dropout_11 (Dropout)        (None, 512)               0          

 

 dense_13 (Dense)            (None, 664)               340632     

 

 batch_normalization_12 (Bat (None, 664)               2656       

               chNormalization)                                                 

 

 dropout_12 (Dropout)        (None, 664)               0          

 

 dense_14 (Dense)            (None, 512)               340480     

 

 batch_normalization_13 (Bat (None, 512)               2048       

               chNormalization)                                                 

 

 dropout_13 (Dropout)        (None, 512)               0          

 

 dense_15 (Dense)            (None, 264)               135432     

 

 batch_normalization_14 (Bat (None, 264)               1056       

               chNormalization)                                                 
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 dropout_14 (Dropout)        (None, 264)               0          

 

 dense_16 (Dense)            (None, 124)               32860      

 

 batch_normalization_15 (Bat (None, 124)               496        

               chNormalization)                                                 

 

 dropout_15 (Dropout)        (None, 124)               0          

 

 dense_17 (Dense)            (None, 2)                 250        

 

================================================================= 

Total params: 1,027,210 

Trainable params: 1,022,186 

Non-trainable params: 5,024 

_______ 

                                                                             Fig 4: Proposed model architecture 

After passing it through the batch normalization layer, the ReLu activation function is used at the output end. To prevent the 

overfitting in the model, a dropout rate of 0.27 was used. This model has a total of 1,027,210 parameters out of which 1,022,186 

are trainable and 5,024 are non-trainable parameters. This model is compiled using Adamax optimizer with a learning rate of 0.001 

and loss is set to binary cross entropy. 

Evaluation Criteria: 

To assess the effectiveness of the model single metric called accuracy is not sufficient. Apart from accuracy other evaluation metrics 

such as precision and recall should be calculated. The three metrics are as follows:  

1. Accuracy: It is defined as the ratio of the correct predictions over the total predictions. 

            Accuracy = 
(TP+TN)

(TP+TN+FP+FN)
 

2. Precision: It is defined as the ratio of the correct classified positive predictions to the total number of classified positive 

predictions 

            Precision = 
(TP)

(TP+FP)
 

3. Recall: The percentage of Positive samples that were accurately labelled as Positive relative to all Positive samples is 

how the recall is calculated. 

            Recall= 
(TP)

(TP+FN)
 

Here TP, TN, FP, and FN are the true-positive, true-negative, false-positive, and false-negative samples. 

 

III. RESULTS AND DISCUSSION 

  

In this section, we will discuss about the effectiveness of the suggested model. Along with the other three pre-trained models, this 

model is also tested for epilepsy detection using the same dataset.  

Machine Learning algorithms  Accuracy (%) 

SVM 67.2 

Bi-LSTM 73.3 

CF-Bi-LSTM 75.0 

This work 92.6 

              

                         Table 1: The performance of the three suggested pre-trained models. 

 

 

A. PERFORMANCE OF THIS WORK 

Three pre-trained models are being used on the same dataset to compare the performance of the proposed model. These models are 

(i) SVM (ii) Bi-LSTM and (iii) CT-Bi-LSTM. The performance of our model is then compared with these pre-trained models in 

Table 2 in terms of accuracy. Thus, our proposed model ranks first and achieves an accuracy of 92.6% and it outperformed the other 

three pre-trained models. 
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                                           Fig 5: Loss, accuracy, precision and recall. 

 

Fig.5 shows the loss, accuracy, precision and recall, validation loss, validation accuracy, validation precision and validation recall 

graphs of the model respectively. The X-axis represents the number of epochs, and the Y-axis represents the value of the loss, 

accuracy, precision, recall, validation loss, validation accuracy, validation precision and validation recall. 

B. COMPARISON 

We observed that our model has achieved high accuracy, precision and recall compared to the previous works of [2] and [6]. Our 

model has achieved less accuracy when compared to the [2][6]. But when compared to [2][6,] our model has fared better in terms 

of recall and precision. [2] used machine learning-based algorithm called Random Forest to detect epilepsy with accuracy of 97%. 

[4] used machine learning-based algorithm called as KNN to detect epilepsy with accuracy of 78%. [6] used Machine learning-

based algorithm called as SVM to detect epilepsy with accuracy of 96%. 

Approach Dataset Accuracy(%) Precision(%) Recall (%) 

Artificial Neural     

Networks 

Kaggle 92.6 92.6 92.6 

        

                                                           Table 2: New data prediction 

 

IV. CONCLUSION AND FUTURE SCOPE 

 

In this paper, we introduced a machine learning-based approach for detecting epilepsy. Initially, the data of confused levels of 

students are taken, and they are rearranged. To make model much accurate we pre-processed the data to remove the noise and other 

outliers, and then the data is feed to the model. We developed this model by using activation function, loss function, different layers, 

and algorithms to reduce the estimation cost without affecting the accuracy of the model. By comparing our model with the pre-

trained models, i.e., SVM, Bi-LSTM and CF-Bi-LSTM this model achieved comparatively better performance. According to the 

experimental results the proposed approach has accomplished an accuracy of 92.6%, precision of 92.6% and recall of 92.6%. 

Therefore, we conclude that our model outperformed all the other models for the prediction of epileptic detection. 

In the future, we must improve the pre-processing phase of EEG signals to get an improved accuracy of epileptic prediction. 
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