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Abstract: Extensively used technique to   diagnose  the epilepsy 
is EEG. The research objective  is to check the variations  of   
frequency found in the epileptic EEG signals.. The  EEG dataset 
were acquired from online database of the  Bonn University 
(BU). Then, butterworth  type two filter was implemented to 
remove the unwanted artifacts from the acquired EEG signals. 
Further, Multivariate Variational Mode Decomposition (MVMD) 
methodology was applied to decompose the denoised  EEG 
signals. The signal decomposition helps in finding the necessary 
information, which required to  model the complex time series 
data. Then, the features were extracted from decomposed signals 
by using fifteen  entropy, linear and statistical features. In 
addition, ant colony optimization technique was proposed for 
optimizing the extracted features. The optimized feature vectors 
were classified by Deep Neural Network (DNN) that includes two 
circumstances (seizure and healthy), and (Interictal, ictal, and 
normal). The accuracy attained using the ant colony with deep 
neural  network is 98.12% using the BU EEG dataset, 
respectively related to the existing models. 

Index values: Butterworth type two filter, deep neural network, 
anti colony optimization, epileptic seizure detection, and 
multivariate variational mode decomposition. 

I. INTRODUCTION 

  In the field of medical sciences this is been 
reported that a sudden inclination is found among the  
neurological disorders .On an average there are about 5% 
rises among the  epilepsy cases in India[1-2]. It is a disease 
which leads to  the loss of consciousness, physical variation 
in the movements, strange emotions, muscle spasms and 
death [3]. So, it is the need of this hour  to detect the 
epilepsy at early stage to reduce the death rate. Epilepsy is 
characterized by re-current seizures that results from the 
extreme discharges of the brain cells [4-6]. For epilepsy 
recognition, the EEG signals are widely utilized for 
investigating the brain activities [7]. EEG is a deep 
palpation  technique that significantly estimate the neuronal 
and electrical activities in high temporal resolution [8-9].  
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The other imaging techniques, which are used for 
inspecting the brain activities are Magnetic Resonance 
Imaging (MRI), Functional MRI (FMRI), computed 
tomography, positron emission tomography, etc.    
To address these concerns and also to improve the 

epilepsy detection, several automated systems are 
developed in the past studies such as    penalized 
regression [13], Least Squares Support Vector Machine 
(LSSVM) [14], neural mass mode [15], artificial neural 
network [16], SVM [17-18], kernel principal component 
analysis [19], long short term memory [20], etc. 
 In the conventional approaches, it is difficult to identify the 
suitable EEG representation such that the non-epileptic 
patterns are differentiable from epileptic patterns. To 
overcome this issue, a new optimization based model is 
proposed for enhancing the performance of epilepsy 
recognition. Initially, the EEG recordings were acquired 
from BU EEG databases. Then, butterworth type 2 filter was 
implemented to remove the artifacts (eye movements) from 
the acquired signals. Compared to other filtering techniques, 
Butterworth type 2 filter has fast processing speed and 
limited error. The denoised EEG signals were decomposed 
by employing MVMD in order to analyse the subtle changes 
in frequency. Then, entropy, linear and statistical features 
were combined to extract the feature vectors from the 
decomposed signals. Further, the extracted features were 
optimized using anticolony  optimizer. ACO help to 
determine the optimal solution in less computational time. 
The performance of ACO may be improved by introducing 
approaches like modification of transition rule, parallel 
ACO [26]. It may be hybridized with other techniques for 
better results. The optimized feature vectors were classified 
by using DNN classifier that includes two cases (seizure and 
healthy), and (Interictal, ictal, and normal). Compared to 
other classifiers, DNN effectively allows a good time 
reduction technique. In the result and discussion section, the 
proposed model performance was evaluated by means of 
accuracy, Positive Predictive Value (PPV), specificity and 
sensitivity.  A few research papers are surveyed in the 
section 2. The explanation about the proposed model is 
detailed in the section 3. In section 4, the experimental 
consequences are detailed with tabular and graphical 
representation. Section 5 indicates the conclusion of the 
present study. 

II. LITERATURE SURVEY 

B. Suguna Nanthini at al. [4] has used  EEG signals 
for detecting the seizures using the supervised learning 
method. The performance 
analyses is  based on  by the 
confusion matrix .  
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The wavelet transform was used for analysing the 
signals in the spatial domain. The same problem is 
examined with an SVM classifier in the second analysis 
[10]. The classifier achieves 90% accuracy. 

J.T Murphy et al, [5] used cross bispectrum 
features for recognizing epilepsy in EEG dataset. SVM was 
used for extracting the features. The EEG database was used 
for verifying the effectiveness of the developed system.  
From the experimental consequence, the developed system 
attained superior performance in epilepsy detection related 
to other models in light of accuracy, specificity and 
sensitivity. However, SVM classifier supports only binary 
classification, which was considered as a major concern in 
this study. M.K Ahirwal et al, [22] implemented Tunable Q 
wavelet Transform (TQWT) for epilepsy recognition on the 
basis of non-linear features. In this study, BU EEG database 
was undertaken for experimental investigation that includes 
three classes such as seizure, non-seizure and pre-seizure.It 
was confirmed that the developed model attained better 
performance in epilepsy recognition. In large dataset, the 
random forest leads to data imbalance that may results in 
poor classification performance. 

H. Peng, et al, [23] developed an approach towards 
the  sparse representation for epilepsy recognition. Initially, 
homotopy approach was utilized for attaining the sparse 
representation of EEG coefficients In this research, the 
developed approach performance was verified on two 

databases; BU EEG and Children’s Hospital Boston-
Massachusetts Institute of Technology (CHB-MIT) 
database. The developed approach required more manual 
intervention that was considered as a major concern.A new 
optimization based model is proposed for enhancing the 
performance of epilepsy recognition in this research article. 

III. PROPOSED MODEL 

 The detailed explanation about the proposed model 
is given this section. The proposed model includes six 
phases; Signal collection:  BU EEG databases, 
Preprocessing : Butterworth type 2 filter, Signal 
decomposition: MVMD, Feature extraction: combination of 
entropy, linear and statistical features, Feature optimization: 
Anti Colony optimizer, and Classification: DNN. The work 
flow of proposed model is indicated in figure 1. 
3.1 Dataset description In this section, the undertaken 
database ( BU EEG) is  described . The BU EEG database 
consists of five EEG sub-sets such as F, N, O, S, and Z for 
both epileptic and healthy subjects [27-28].Each EEG 
segment consists of 4096 sampling points with the duration 
of 23.06 seconds For 5 healthy subjects, the sub-sets “O” 

and “Z” are recorded with eyes open and closed. The sample 
collected BU EEG signals are graphically indicated in figure 
3. 

 

 
Figure 1. Flow chart of the proposed model 
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Figure 2. BU EEG database; a) Ictal signal, b) Interictal signal, and c) Normal signal 

3.2 Pre Processing  
        After acquisition, butterworth type 2 filter was 
implemented for eliminating the unwanted noises (muscle 
and eye movements) from the acquired signals. The 
Butterworth type 2 filter has small  rolloff , so it requires 
several components. In the passband, it has linear phase 
response  with higher band it has stop band 
specifications.The butterworth filter gives  flat maximally 
response .Related to other filtering methods, the undertaken 
filter has fast execution speed and limited absoluter error. 
The butter worth  type 2 filter formula is indicated in 
equation (1). 
                                            

                                    
 

      
 

  
 
                                           

(1) 
Where ‘n’ indicates the filter order, ‘ω’ = 2πƒ, ε is 

maximum pass band gain  

Then, the MVMD technique is implemented to 
decompose the denoised signals, which is the extension of 
VMD. The objective of MVMD is used to extract the pre-
determined ber of multivariate modulated oscillations       
from the denoised signals      which includes   number of 
channels  ,                     . The mathematical 
representation of      is indicated in equation (2). 
                                                                         

                                                         
(2) 
Where,                      . To extract      , the 
vector analytic representation of       is changed as   

     
[29]. The       bandwidth is calculated by considering    
normalization of the gradient function   

    . The resultant 
cost function  of MVMD is utilized in the VMD 
optimization problem that is mathematically defined in 
equation (3). 
                                                     

        
     

  
      

 

 

                                                (3) 
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Figure 3. Sample decomposed EEG signal 

3.3 Feature extraction and optimization 
After decomposing the EEG signals, feature 

extraction is performed by using statistical and  Linear 
features. The major benefit of combining more features 
results in effective occlusion and clutter. Then, the extracted 
feature vectors are given as the input to anti colony  
optimizer for optimizing  the active features. The general 
characteristics of an ant are as follows, 

 Ant colony optimization algorithm (ACO) is a 
probabilistic approach for the determination of 
various arithmetic  problems.  

 It helps to find the optimal paths best suited by ants 
for the sake of searching the food.  

 Firstly these ants wander randomly for the search 
of food.  

 When an ants finds the source of food, it walks 
back to the colony leaving "markers" (pheromones) 
that show the path has food. 
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Figure 4. Anti Colony Optimization Flow Chart 

3.4 Classification 
         The DNN is a feed forward network that contains 
multiple transformation layers and non-linearity with the 
output of every layer which feeds into the succeeding layers. 
The DNN model is mathematically presented in the 
equations (9) and (10). 
                                                                                                               
(9) 

                                                                                                                   
(10) 
Where,        is stated as the input to layer   and output of 
prior layers    ,       is indicated as the vector of pre-
activations layers  ,             is stated as the matrix of 
learnable biases,          is 
represented as the     layer, 
     is indicated as the final 
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layer output,          is specified as the output layer,      
is represented as the nonlinear activation layer, and      is 
indicated as the input to the model. In this study, ReLU is 
utilized in the hidden layers for faster learning and 
computation efficiency related to other activation functions. 
The output layer uses a softmax non-linearity in order to 
deliver a probabilistic interpretation of the models output 
that is mathematically denoted in equation (11). 
                                                                    

     

      
 
   

                                                  (11) 

Where,   is indicated as output classes, and the output layer 
comprises of   number of neurons. The DNN learning is 
formulated as an optimization issue for minimizing a cost 
function. In this study, cross entropy loss function is utilized 
to deal with classification problem, which is defined in 
equation (12).  

                                                                      
   

  
                                                         

(12) 
Where,      is denoted as the model output, and            
is indicated as the encoded label. 

IV. RESULT AND DISCUSSION 

In this study, MATLAB 2018a environment was 
used for executing all the experiments with i7 3.0 GHz 
processor, 3 TB memory, 8 GB RAM, 2 GB GPU, and 
windows 10 operating system. Benchmark approaches: 
For comparing the efficacy of the proposed model, several 
approaches are considered as the benchmark like sparse 
representation with DLWH [23], PDCA [24], and 2D 
reconstructed phase space with LSSVM [25]. Undertaken 
databases: In this work, the exhaustive simulations are 
carried out with some of the standard and widely used 
database like BU EEG database. The detailed explanation 
about the undertaken databases are indicated in table 1.  

 
 

Table 1. Description of  the dataset 
 

          
In this 

scenario, the proposed epilepsy recognition model is 
quantified by using accuracy, specificity, sensitivity, and 
PPV with (k=10) fold cross validation. All the observations 
in the dataset are eventually utilized for testing and training 
that is considered as a major benefit of k fold cross-
validation. The general formula for calculating classification 
accuracy, specificity, sensitivity, and PPV are defined in the 
equations (13-16). 

                                                    
      

           
    

               (13) 
 

                                                           
  

     
     

                                     (14) 
 

                                                            
  

     
     

                                    (15) 
 

                                                           
  

     
                                                           

(16)       
 
Where,    is specified as true positive,    is represented as 
false positive,    is indicated as true negative and    is 
stated as false negative. 
 
The undertaken optimization techniques are simulated in the 
same environment and database for investigating the 
proposed model (Ant Colony-DNN) performance. 

Table 2. Performance analysis of proposed model with dissimilar classifiers in BU EEG database 

 

Dataset Subjects Total signals Electrodes Classes 
BU EEG 500 500 One Ictal, interictal, and normal 

Classifier Accuracy (%) Specificity (%) Sensitivity (%) PPV (%) 

NN 33.39 29 89 33.33 
KNN 93.33 95 85.00 90 

MSVM 93.84 95 90 89.89 
DNN 98.12 98.34 98.24 98.38 
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Figure 5. Graphical evaluation of proposed model with dissimilar classifiers in BU EEG database 

 
Table 3. Performance analysis of proposed model with dissimilar optimizers in BU EEG database 

 

 
Figure 6. Graphical evaluation of proposed model with dissimilar optimizers in BU EEG database 

 

V. CONCLUSION 

In this research article, a new optimization based 
model is proposed for enhancing the performance of 
epilepsy recognition. The proposed model majorly includes 
three phases such as decomposition, optimization of 
extracted features, and classification. After signal collection, 
MVMD is utilized to decompose the EEG signals into time 
frequency bands. Then, anti colony optimization algorithm 
is applied to select the active feature vectors, which are 
classified by employing  DNN classifier. In the experimental 

segment, the proposed model performance is evaluated in 
light of PPV, accuracy, specificity, and sensitivity. In BU 
dataset, the proposed model showed maximum of 1.4% 
improvement in accuracy compared to the existing research 
papers. From the  futuristic approach, a hybrid 
decomposition method can be implemented to improve the 
epilepsy recognition performance. 

 

 

Optimizer Accuracy (%) Specificity (%) Sensitivity (%) PPV (%) 

PCA-DNN 80.29 79.21 78.68 68.51 
PSO-DNN 87.64 85.18 87.81 75.68 
BAT-DNN 88 87.26 86.45 78.12 

Firefly-DNN 98.99 98.32 95.07 98.13 
Anti Colony Optimization-DNN 98’.12 98.01 98.0 97.32 

https://www.openaccess.nl/en/open-publications


Epileptic Detection from the Eeg Signal using the Anti colony Optimization Technique with Deep Neural 
Network  

2733 
Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: A2314059120/2020©BEIESP 
DOI:10.35940/ijrte.A2314.059120 
Journal Website: www.ijrte.org 
 

REFERENCES 

1. C. K. Loo, A. Samraj, and G. C. Lee, “Evaluation of methods for 
estimating fractal dimension in motor imagery-based brain computer 
interface,” Discrete Dynamics in Nature and Society, vol. 2011, 
Article ID 724697, 8 pages, 2011. 

2. Y.-H. Lu, C.-Y. Chen, P. G. Menon, K.-T. Liu, and H.-H. Lin, 
“Hemodynamic efects of endoleak formation in abdominal aortic 

aneurysm patients with stent-graf implants,” Journal of Discrete 
Dynamics in Nature and Society 19 Medical and Biological 
Engineering, vol. 34, no. 6, pp. 554–558, 2014. 

3. J. T. Murphy, “Spehlmann’s evoked potential primer visual, auditory 
and somatosensory evoked potentials in clinical diagnosis. 1994. 
Edited by Karl E. Misulis. Published by Butterworth-Heinemann. 243 
pages,” Canadian Journal of Neurological Sciences / Journal 
Canadien des Sciences Neurologiques, vol. 23, no. 01, p. 84, 1996. 

4. Suguna Nanthini B. EEG signal analysis for automated epileptic 
seizure detection using soft computing techniques [thesis]. Thanjavur: 
SASTRA University; 2017 

5. C. Blum and D. Merkle, Swarm Intelligence: Introduction and 
Applications, Natural Computing Series, Springer, 2008.  

6. M. Dorigo and L. M. Gambardella, “Ant colony system: a cooperative 
learning approach to the traveling salesman problem,” IEEE 

Transactions on Evolutionary Computation, vol. 1, no. 1, pp. 53–66, 
1997. 

7. M. Dorigo and T. Stutzle, Ant Colony Optimization, MIT Press, 
Combridge, MA, USA, 2004.  

8. M. Dorigo, M. Birattari, and T. Stutzle, “Ant colony optimiza- ¨ tion,” 

IEEE Computational Intelligence Magazine, vol. 1, no. 4, pp. 28–39, 
2006. 

9. D. J. Sandoval Salazar, Anßlisis de componentes independientes 
aplicado al estudio de la actividad cerebral (Doctoral dissertation), 
Universidad Nacional de Colombia, 2014.  

10. M. Scholz, Approaches to analyse and interpret biological profle data, 
Universitat Potsdam, 2006. 

11. M. Mastriani and A. E. Giraldez, “Enhanced directional smoothing 
algorithm for edge-preserving smoothing of synthetic-aperture radar 
images,” Journal of Measurement Science Review, vol. 4, no. 3, pp. 

1–11, 2004.  
12. A. Hyvarinen and E. Oja, “Independent component analysis: ¨ 

algorithms and applications,” Neural Networks, vol. 13, no. 4-5, pp. 
411–430, 2000. 

13. S. Deng, Y. Li, H. Guo, and B. Liu, “Solving a ClosedLoop Location-
Inventory-Routing Problem with Mixed Quality Defects Returns in E-
Commerce by Hybrid Ant Colony Optimization Algorithm,” Discrete 
Dynamics in Nature and Society, vol. 2016, 2016.  

14. B. K. Panigrahi, Y. Shi, and M.-H. Lim, Eds., Handbook of swarm 
intelligence, vol. 8 of Adaptation, Learning, and Optimization, 
Springer-Verlag, Berlin, 2011. 

15. M. Dorigo, M. Birattari, C. Blum, M. Clerc, and T. Stutzle, ¨ “2008., 

Ant Colony Optimization and Swarm Intelligence: 6th International 
Conference, ANTS, 2008,” in Proceedings of the 2008., Ant Colony 

Optimization and Swarm Intelligence: 6th International Conference, 
ANTS, 2008, A. Winfeld, Ed., vol. 5217, Brussels , Belgium, 2008. 

16. L. Chen, X. H. Xu, and Y. X. Chen, “An adaptive ant colony 

clustering algorithm,” in Proceedings of the In Machine Learning and 
Cybernetics, 2004, vol. 3, pp. 1387–1392, 2004.  

17. P. S. Shelokar, V. K. Jayaraman, and B. D. Kulkarni, “An ant colony 

approach for clustering,” Analytica Chimica Acta, vol. 509, no. 2, pp. 
187–195, 2004. 

18. A. Abraham and V. Ramos, “Web usage mining using artifcial ant 

colony clustering and linear genetic programming,” in Proceedings of 

the 2003 Congress on Evolutionary Computation, CEC 2003, pp. 
1384–1391, aus, December 2003. 

19. M. K. Ahirwal, A. Kumar, and G. K. Singh, “Adaptive fltering of 
EEG/ERP through Bounded Range Artifcial Bee Colony (BRABC) 
algorithm,” Digital Signal Processing, vol. 25, no. 1, pp. 164–172, 
2014. 

20. V. Bajaj, and R.B. Pachori, “Epileptic seizure detection based on the 
instantaneous area of analytic intrinsic mode functions of EEG 
signals”, Biomedical Engineering Letters, vol.3, no.1, pp.17-21, 2013. 

21. U. Orhan, M. Hekim, and M. Ozer, “Epileptic seizure detection using 

probability distribution based on equal frequency discretization”, 

Journal of medical systems, vol.36, no.4, pp.2219-2224, 2012. 
22. H.S. Alaei, M.A. Khalilzadeh, and A. Gorji, “Optimal selection of 

SOP and SPH using fuzzy inference system for on-line epileptic 
seizure prediction based on EEG phase synchronization”, 
Australasian Physical & Engineering Sciences in Medicine, vol.42, 
no.4, pp.1049-1068, 2019. 

23. J.G. Bogaarts, E.D. Gommer, D.M.W. Hilkman, V.H.J.M. van 
Kranen-Mastenbroek, and J.P.H. Reulen, “EEG feature pre-
processing for neonatal epileptic seizure detection”, Annals of 
biomedical engineering, vol.42, no.11, pp.2360-2368, 2014. 

24. M. Fan, and C.A. Chou, “Detecting abnormal pattern of epileptic 
seizures via temporal synchronization of EEG signals”, IEEE 
Transactions on Biomedical Engineering, vol.66, no.3, pp.601-608, 
2018. 

25. K. Samiee, P. Kovacs, and M. Gabbouj, “Epileptic seizure 

classification of EEG time-series using rational discrete short-time 
Fourier transform”, IEEE transactions on Biomedical Engineering, 
vol.62, no.2, pp.541-552, 2014. 

26. R. Rosas-Romero, E. Guevara, K. Peng, D.K. Nguyen, F. Lesage, P. 
Pouliot, and W.E. Lima-Saad, “Prediction of epileptic seizures with 
convolutional neural networks and functional near-infrared 
spectroscopy signals”, Computers in biology and medicine, vol.111, 
pp.103355, 2019. 

27. Dataset links: BU EEG database: http://epileptologie-
bonn.de/cms/front_content.php?idcat=193&lang=3 

 


