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A B S T R A C T   

Recent advancements in machine learning and deep learning models find them helpful in designing effective 
complex measurement systems. At the same time, examining the brain’s activities using Electroencephalography 
(EEG) is essential to determine the mental state or thought of a person. It is essential in several application areas, 
such as Brain-Computer Interface (BCI), emotion recognition, and mental disease diagnosis. The proper brain 
signal classification using EEG finds helpful diagnose epileptic seizures. Since the traditional seizure detection 
process is a lengthy and challenging task, the automated identification of epilepsy is a significant problem. In 
order to resolve the issues that exist in the traditional brain signal classification models, this study designs 
Automated Deep Learning-Enabled Brain Signal Classification for Epileptic Seizure Detection (ADLBSC-ESD). The 
proposed ADLBSC-ESD technique aims to classify the brain signals to determine the existence of seizures or not. 
In addition, the presented model involves the design of the Improved Teaching and Learning-Enabled Optimi-
zation (ITLBO) technique for selecting features from EEG signals. Moreover, the Deep Belief Network (DBN) 
model is used for an effectual classification of EEG signals, and the hyperparameters of the DBN model are 
optimally tuned using the Swallow Swarm Optimization Algorithm (SSA). In order to ensure the improved brain 
signal classification performance of the ADLBSC-ESD technique, a series of simulations take place, and the 
outcomes are investigated concerning different measures. The experimental values highlighted the better per-
formance of the ADLBSC-ESD technique over the current state of art techniques with maximum accuracy of 
0.8316 and 0.8609 under binary and multiple classes, respectively.   

1. Introduction 

A Brain-Computer Interface (BCI) is an approach that provides 
further control/communication channels without including any volun-
tary muscular control. The determination from [1] describes a BCI as a 
scheme where the users want to attain a specific objective. The BCI 
processes and utilizes directly evaluated brain activities in real-time and 
provides feedback to the users. This BCI is developed for replacing, 
restoring, enhancing, or improving the Central Nervous System (CNS) 

output by processing and measuring CNS signals. Standard BCI system 
includes the succeeding six features: Signal recording, Type of brain 
signal, Mode of operation, Experimental strategy, Type of feedback, and 
Signal processing. Furthermore, BCI could also work passively by 
identifying distinct mental states such as drowsiness/fatigue could be 
employed to identify incorrect commands provided with a BCI using 
error potential [2]. Studying brain activities via brain imaging like 
Electroencephalography (EEG) is significant in understanding an indi-
vidual thoughts/mental state. It is significant in applications involving 
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emotion recognition, mental disease diagnosis, and BCI. The brain 
comprises activation patterns, and multiple functional regions over the 
region provide valuable data based on the mental condition. Hence, 
analyzing the interregional relationships that appear in the pattern, i.e., 
known as functional connectivity, has been displayed to be efficient for 
analyses of the brain signals [3,4]. 

Various brain signals that evaluate brain activities could be used for 
BCI purposes. E.g., brain activities could be measured directly with 
electric activities record. The electric signal is assumed to be made 
mainly by postsynaptic potential [5]. Excitatory postsynaptic potentials 
(EPSP) trigger neuronal activity potential, whereas inhibitory post-
synaptic potential (IPSP) inhibits the propagation of activity potential. 
These electrical activities could be evaluated by the systems such as 
EEG. i.e., noninvasive and low-cost methods for directly measuring 
electrical brain activities. EEG is the most crucial technology for iden-
tifying an abnormality of the brain, like Epileptic Detection Seizure 
(EDS). 

Seizure is transient neurological dysfunction created by abnormal 
brain neurons and extreme super synchronized discharge. The visually 
monitoring of EEG for EDS by the expert neurologist is a laborious 
process and time utilizing, and the diagnoses could not be precise due to 
the massive amount of EEG data and discrepant medical judgment 
standard of distinct neurologists [6]. Therefore, research work on EEG- 
based automated detection of epilepsy has received more interest. 
Various methods have been presented in the study for automated EDS. 
Such an algorithm could be considered as to 2 classes: Deep Learning 
(DL) based method and traditional method. The conventional method 
primarily uses a handcrafted technique to remove features in the EEG 
signal and later conjunct with a classifier to detect. 

Traditional approaches for detecting seizures utilize handcrafted 
techniques to extract EEG signal features. Likewise, several conventional 
methods show better performance for one challenge; however, they 
failed to perform precisely for others [7]. E.g., they detect seizure and 
non-seizure cases (the 2 step classification problems) using outstanding 
performances also show poor results for detecting 3 class epilepsy 
classifications. The DL model is a novel study field of Machine Learning 
(ML) method, which manually learns the inherent features and laws of 
sample data. Since the computational ability and available data of 
hardware continue to rise, DL has tackled highly complicated applica-
tions using increased performance [8]. In recent times, automated de-
tections of epileptic seizures are dependent on DL models attracted 
considerable interest. 

This study designs Automated Deep Learning-Enabled Brain Signal 
Classification for Epileptic Seizure Detection (ADLBSC-ESD). Besides, 
the ADLBSC-ESD technique involves the design of the Improved 
Teaching and Learning-Enabled Optimization (ITLBO) technique for 
selecting features from EEG signals. Moreover, the Deep Belief Network 
(DBN) model is used for the effectual classification of EEG signals, and 
the hyperparameters of the DBN model are optimally tuned using the 
Swallow Swarm Optimization Algorithm (SSA). For ensuring the better 
performance of the ADLBSC-ESD technique, a comprehensive experi-
mental analysis is carried out, and the outcomes are examined con-
cerning different measures. The main contributions of the paper are 
given as follows.  

• To develop a new ADLBSC-ESD model for brain signal classification 
for epileptic seizure detection. 

• To design an ITLBO technique to select the optimum subset of fea-
tures from the EEG signals.  

• To introduce a DBN-based epileptic seizure classification model to 
determine appropriate class labels.  

• To propose a new SSA-based hyperparameter optimization of the 
DBN model, improving overall classification performance.  

• To validate the performance of the ADLBSC-ESD model against 
epileptic seizure recognition dataset. 

2. Literature review 

Jang et al. [9] proposed an end-to-end NN method for EEG classifi-
cations to extract an applicable multilayer graph structure and signal 
feature directly from a group of raw EEG signals and carry out classifi-
cation. The experiment result demonstrates that this model produces 
better results than the current approach in which automatically deter-
mined signal features and connectivity structures were employed. Zhu 
et al. [10] introduce a bi-linear design and matrix variate Gaussian 
method to the 2DDLPP model and decomposes EEG signal to spatial and 
spectral portions. Then, one of the discriminative features is elected 
using a weight evaluation approach. 

Fergus et al. [11] present a supervised ML method that categorizes 
non-seizure and seizure recordings with open datasets having 342 re-
cords. The result shows an enhancement on the present study as 10% in 
all instances using 93% sensitivity, 94% specificity, and 98% of the area 
under the curve using a global error of 6% with KNN classifiers. Also, 
proposed a method that might contain medical application in analyzing 
patients with suspicious seizures disorder. Zhao et al. [12] proposed a 
new 1D DNN for robust detection of seizures composed of 3 convolution 
blocks and 3 FC layers. Therefore, every convolution block includes five 
layers: nonlinear activation layer, convolution layer, BN layer, max- 
pooling layer, and dropout layer. 

Zhou and Li [13] perform an in-depth study on epileptic EEG signals, 
analyze features from nonlinear and linear perceptions, inputted to the 
enhanced RBF method for vigorously extracting efficient features, and 
introduce one against one approach classifiers to reduce the probability 
of error classification. Based on RBF, CNN is made for extracting signal 
features. The OAO approach classifiers were introduced for recognizing 
epileptic signals. In Nanthini and Santhi [14], an automatic seizure 
detection method application was successfully presented. The EEG 
signal is decomposed to sub-bands through DWT with db2 wavelet. The 
two mathematical models, the 4 GLCM matrix and Renyi entropy esti-
mation using four distinct degrees of orders are removed from raw EEG 
and its sub-bands. The GA model is employed for selecting eight 
appropriate characteristics from the sixteen-dimensional features. The 
method was tested and trained by SVM classifiers effectively for the EEG 
signal. 

Radman et al. [15] present a novel fusion system-based DSET algo-
rithm for ESD in brain disorders. First, different characteristics in 
temporal-spectral, temporal, and spectral fields are extracted from the 
EEG signal. Next, relation analyses using the PCC are carried out on the 
extracted feature for selecting and removing more related features. Af-
terward, three different filter type FS methods, involving RF, CDET, and 
FS, were performed for the following feature sets to the ranking feature. 
In the classification phase, EDT classifiers and two standards validation 
processes involving hold out and tenfold cross-validation are assumed 
for classifying the selected feature from the EEG signal. 

Qureshi et al. [16] focus on removing one of the distinguishing and 
discriminating features of seizure EEG records to develop a methodology 
that uses fuzzy-based and conventional ML methods for ESD. The pre-
sented architecture categorizes unknown EEG signal segments as inter-
ictal and ictal types. Al-Hadeethi et al. [17] proposed a new 2 step EEG 
classification method for detecting seizures from EEG by using covari-
ance matrix and AdaBoost LS-SVM architecture. Initially, the covariance 
matrix was used as a decrease dimension tool with feature extraction 
employed for analyzing epileptic patients’ EEG records. Next, a robust 
classifier (viz., AB-LS-SVM) is presented to resolve the problems of un-
balanced data, to identify epileptic events and yield a higher classifi-
cation performance than competing counterparts. 

Manocha et al. [18] proposed a sequential 1-dimension convolution 
neural network (CNN) and earlier models such as the 1-D inception 
module and 1-D ResNet model to classify the EEG data as epilepsy or not. 
The authors in [19] presented a new 1D CNN that performs an auto-
mated feature extraction process followed by an ML classification 
model. In addition, 1D CNN models are essentially appropriate to 
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process EEG time-series data. In [20], the wavelet transform can be 
utilized to detect and classify epileptic seizures on EEG signals and 
classified with ML models such as SVM and RF. 

Though DL models can learn features from the input signal, the 
overall epilepsy classification outcome is yet to be improved. Besides, it 
is noticed that the detection performance of time-domain input is worse 
without proper pre-processing and feature selection process. Besides, the 
joint learning of the DL models enables the network to modify every 
subnetwork to learn respective dependency amongst subnetworks 
dynamically. Also, several earlier studies considered that there are a 
limited number of samples to train the data. At the same time, the 
labeled EEG samples with seizures are difficult to acquire in real-life. 
However, most of these studies applied domain knowledge to select a 
specific channel from multichannel EEG signals for analysis, while the 
data-driven analysis with multichannel epileptic EEG signals remains 
unexplored. Furthermore, there is still room to improve further the ac-
curacy and efficiency of seizure classification from EEG signals with 
advanced signal processing and DL algorithms. Therefore, in this study, 
a new epileptic seizure classification model is designed using feature 
selection and hyperparameter tuned DL models. 

3. The proposed model 

This study uses a new ADLBSC-ESD technique to classify the brain 
signals for epileptic seizure classification. The ADLBSC-ESD technique 

involves a 3-stage process: pre-processing, ITLBO based feature selec-
tion, and SSA-DBN-based classification. Fig. 1 illustrates the entire 
procedure of the proposed ADLBSC-ESD model. The detailed working of 
these processes is elaborated in the following sections. 

3.1. Data preprocessing 

It begins with a minimal-maximal (min–max) approach was 
employed for normalizing the dataset. At this point, the higher and 
lower values from the data group are considered. All the data undergoes 
normalization to these values. The purpose is to normalize the minimum 
value to zero and maximal value to one and allocate another value as a 
range of [0–1]. Eq. (1) is utilized for defining the procedure of min–max 
normalization. 

Min − Max.Norm =
x − xmin

xmax − xmin
(1) 

Eventually, the class labeling procedure takes place in which the 
samples in the EEG signal dataset are assigned for prospering class labels 
as 0,1 to binary class and 0,1,2,3,4 to multi-class. 

3.2. Design of ITLBO algorithm for feature selection 

Once the EEG signals are pre-processed, the ITLBO algorithm is 
designed to derive an optimal selection of features. The TLBO algorithm 

Fig. 1. The overall process of the ADLBSC-ESD model.  
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can be improved by using the OBL concept and thereby improves the 
convergence rate. An OBL manner was employed for enhancing the 
quality of primary population solutions by the diversification of solu-
tions. The OBL technique search from every direction in the exploring 
region, such as original and opposite solution directions. Finally, the 
OBL method regards the fittest solution to all solutions. The opposite 
number x is determined as a real number on the interval x ∈ [lb,ub]. The 
opposite number of x is demonstrated as x̃: 

x̃ = lb+ ub − x (2) 

The above formula is a generalization for utilizing it in an exploring 
area space with several dimensionalities. Therefore, all the search agents 
and equivalent opposite places are determined in Eqs. (3)-(4): 

x = [x1, x2, x3,⋯xD] (3)  

x̃ =

[

x̃1, x̃2, x̃3,⋯, x̃D

]

(4) 

The value of all individuals’ elements from ̃x is calculated in Eq. (5): 

x̃j = lbj + ubj − xjwherej = 1, 2, 3,⋯,D (5) 

At this point, the fitness function is (). If the fitness value f(x̃) of 
opposite solution exceeds f(x) of actual solution x, afterward x = x̃; 
otherwise x = x. 

The variation of the ITLBO algorithm intends to search the solution 
spaces of features to elect the optimum subset of features. The two 
phases are frequent; still, an end condition is met. The termination 
criteria are considered as a fixed number of iterations. An optimum 
learner is an optimal solution from a specific iteration, and the pro-
cedure continues with the number of generations. The step-by-step 
procedure of the ITLBO technique is as follows: 

The learners have trained with the use of teachers. During all itera-
tions k, let ‘s’ represent the number of features (for instance, attribute {
f = 1,2⋯,s}) and ‘t’ sample count (for instance, population, individual, 
{i = 1,2⋯t}). The step-by-step description is as follows, 

Step 1: Initialization number of samples (binary population), the 
feature count Xf ,i,k, and end criteria. 

Step 2: Calculate the mean of all features to learners as Mf ,k.

Step 3: Define the fitness of individuals utilizing in Eq. (6). 

Fitness(Xf ,i,k) = Accuracy(Xf ,i,k) (6) 

Step 4: Upgrade learner with use of Teacher (Teacher Phase). 
a) Choose the optimum learner (High fitness value) in the population 

as a Teacher. 
b) Estimate the variance means to every attribute in terms of the 

finest individual as demonstrated in Eq. (7). 

Dif fMeanf ,i,k = rk
(
Xf ,ibest,k − TFMf ,k

)
(7)  

where Xf ,ibest,k implies the optimum individual is subject f . TF stands for 
the teaching influence with value one/two, and rk demonstrates the 
arbitrary number range in [0–1]. 

c) An optimum individual performs as a teacher and trains the re-
sidual individuals [21]. Upgrade all the learners from the population 
utilizing the formula in Eq. (8). 

X ′

f ,i,k = 0 ifXf ,i,1e +DiffMeanf , k < 0.5 (8)  

X ′

f ,i,1e = 1ifXf ,i,1e +DiffMeanf , k ≥ 0.5  

where X’
f ,i,k signifies the trained value of Xf ,i,k.

d) When the outcome X’
f ,i,k has been superior to Xf ,i,k,

Remain the prior value Else, Substituting the novel value. 
Step 5: Upgrade all the learners using other learners utilizing in Eqs. 

(4) and (5) (Leamer Phase). 
a) Select two samples U and V with the state X

t
Ấota1 − U, k’ ∕=

X
t
Ấota1 − V, k’ at arbitrary. 

where, X
t
Ấota1 − U, k’, X

t
Ấota1 − V, k’ refers to the restructure attri-

butes of Xtota1− U,k, Xtota1− V, k of U and V correspondingly. 
b) If X

t
Ấota1 − U, k’ is superior to.X

t
Ấota1 − V, k’ 

X′′
f ,∪,k = 0ifX

′

f ,∪,k + rk(X
′

f ,∪,k − X
′

f ,V,k) < 0.5  

X′′
f ,∪,k = 1ifX′

f ,∪,k + rk

(
X′

f ,∪,k − X ′

f ,V,k

)
≥ 0.5 (9) 

Else, 

X′′
f ,∪,k = 0ifX′

f ,∪, + rk(X
′

f ,V,k − X ′

f ,∪,k) < 0.5  

X′′
f ,∪,k = 1 ifX ′

f ,∪,k + rk

(
X ′

f ,V ,k − X ′

f ,∪,k

)
≥ 0.5 (10) 

c) If X′′
f ,U,k is superior to.X’

fiU,k 

Then remain the previous value Else, Substitute the prior value. 
Step 6: If the end situation is satisfied, report the outcome. Else, Go to 

Step 2. 

3.3. Design of SSA-DBN model for classification 

At the final stage, the classification of the EEG signals takes place 
using the SSA-DBN model by using chosen features from the ITLBO al-
gorithm. The DBN is a kind of DNN with several hidden layers and 
numerous hidden units from all the layers. The standard DBN is similar 
to the Restricted Boltzmann Machine (RBM) technique comprised of the 
resultant layer. Also, the DBN executes robust, greedy unsupervised 
learning techniques to train RMB and supervised fine-tuned methods for 
changing the model by labeled data. The RBM has composed of visible 
layer v and hidden layer h, associated with undirected weight. The 
parameter set of RMB is = (w, b, a), where wij represents the weight 
amongst vi, and hj. bi and aj are determined as bias of layers [22]. 

The RBM defines equivalent energy as showcased under: 

E(v, h|θ) = −
∑

i
bivi −

∑

j
ajhj −

∑

i

∑

j
wijvihj (11)  

and the joint probability distribution of v and h was defined as: 

p(v, h|θ) =
exp( − E(v, h|θ) )

∑
v,hexp( − E(v, h|θ) )

(12) 

However, the marginal probability distribution of v is demonstrated 
as: 

p(v|θ) =
∑

h exp( − E(v, h|θ) )
∑

v,hexp( − E(v, h|θ) )
. (13) 

In order to gain optimum θ value to single data vector v, the gradient 
of log-probability calculation is evaluated on the fundamental of 
execution written as: 

∂logp(v|θ)
∂wij

= 〈vihj〉data − 〈vihj〉model,

∂logp(v|θ)
∂aj

= 〈hj〉data − 〈hj〉model, (14)  

∂logp(v|θ)
∂bi

= 〈vi〉data − 〈vi〉model,

where 〈•〉 refers to the expectations by the distribution of a particular 
subscript, because of the absence of connections amongst units in same 
the layer, 〈•〉data implies the simplicity gained by measuring the condi-
tional probabilities distribution and demonstrated as: 
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p
(
hj|v, θ

)
=

1
1 + exp

(
−
∑

i wijvi − aj
), (15)  

p(vi|h, θ) =
1

1 + exp
(
−
∑

j wijhj − bi

).

The activation functions are signified as sigmoid functions [23]. 
During this case 〈•〉model, the Contrastive Divergence (CD) learning 
technique was employed by redevelopment for reducing the differences 

Fig. 2. The architecture of the DBN model.  

Table 1 
Result analysis of applied feature selection methods.  

Methods Selected Features Best Cost 

ITLBO-FS 114  0.016843 
TLBO-FS 123  0.024134 
SA-FS 128  0.026925 
PSO-FS 134  0.0345691 
GA-FS 141  0.0378504  

Fig. 3. Confusion matrix analysis of ADLBSC-ESD model under binary class dataset.  

J. Escorcia-Gutierrez et al.                                                                                                                                                                                                                    



Measurement 196 (2022) 111226

6

of 2 Kullback-Leibler divergences (KL). Firstly, CD learning has been 
effective in real-time application and restricts the processing cost related 
to Gibbs sampling manner. Thence, the weights in DBN layers undergo 
trained using unlabeled data by fast and greedy unsupervised approach. 
In the case of prediction, the supervised layer was contained in DBN for 
changing the learned feature by utilizing labeled data in the up-down 
fine-tuned technique. At this point, the Fully Connected (FC) layer 
performs as a top layer, and the sigmoid activation function is utilized. 
Fig. 2 demonstrates the framework of the DBN technique. 

The SSA is derived for optimal adjustment of the hyperparameters 

involved in the DBN model, thereby boosting the overall classification 
outcomes. The SSA approach stimulated by the collective motion of 
swallows and the interactions among flock members has gained better 
performances. This method has proposed a meta-heuristic algorithm 
depending on the unique property of swallows, involving intelligent 
social relations, fast flight, and hunting skills. At a glance, the approach 
is associated with the PSO model; however, it has specific features that 
could not be established in related methods, involving the usage of 3 
kinds of particle: Leader Particle (li), Explorer Particle (ej), and Aimless 
Particle (0j), all of them have some responsibility in the group. The ej 

Fig. 4. Confusion matrix analysis of ADLBSC-ESD model under multiple class dataset.  
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particle is accountable for searching the problem space. They carry out 
this searching behavior in the control of various parameters [24]:  

1. Location of the local leader.  
2. Location of the global leader.  
3. An optimal individual experiences alongside the path.  
4. Earlier path. 

The particle uses the following equation for continuing and search-
ing the path: 

VHLi+1 = VHLj +αHLrand()
(
ebest − ej

)
+ βHLrand()

(
HLj − ej

)
(16) 

Eq. (16) shows the velocity vector variables in the path of the global 

leader. 

αHL= {if
(
ej= 0||ebest = 0) − − > 1.5

}
(17) 

Eqs. (17) and (18) Evaluate the acceleration coefficient variables 
(αHL) that directly impact the individual experience of all the particles. 

αHL =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

if (ei < ebest)&&(〈HLi)→
rand()⋅ei

ei⋅ebest
ei, ebest ∕= 0

if (ei < ebest)&&(ei > HLi)→
2rand()⋅ei

1
(2⋅ei)

ei ∕= 0

if (ei > ebest)→
ebest

1
(2⋅rand())

(17)  

βHL= {if
(
ej= 0||ebest = 0) − − > 1.5

}
(18)  

βHL =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

if (ei < ebest)&&(ei < HLi)→
rand()⋅ei

ei • HLi
ei,HLi ∕= 0

if (ei < ebest)&&(ei > HLi)→
2rand()⋅ei

1
(2⋅ei)

ei ∕= 0

if (ei > ebest)→
HLi

1
(2⋅rand())

(19) 

Eqs. (18) & (19) evaluate the acceleration coefficient variables (βHL)

that directly impact the individual experience of all the particles. 
Indeed, these two acceleration coefficients are measured considering the 
location of all the particles regarding the global leader and optimal 

Table 2 
Result analysis of proposed ADLBSC-ESD method on multi-class dataset.  

Class Labels Sensitivity Specificity Accuracy F-score MCC 

Training Dataset 

Label 0 64.35 91.96 86.43 65.49 57.06 
Label 1 67.61 90.92 86.26 66.31 57.70 
Label 2 68.04 92.17 87.35 68.27 60.37 
Label 3 63.48 90.76 85.30 63.34 54.15 
Label 4 62.61 90.71 85.09 62.68 53.36 
Average 65.22 91.30 86.09 65.22 56.53  

Testing Dataset 
Label 0 61.96 91.74 85.78 63.55 54.75 
Label 1 64.74 90.59 85.42 63.97 54.84 
Label 2 67.17 91.23 86.42 66.42 57.92 
Label 3 60.87 90.33 84.43 61.00 51.28 
Label 4 60.83 90.01 84.17 60.59 50.69 
Average 63.11 90.78 85.25 63.11 53.89  

Table 3 
Result analysis of proposed ADLBSC-ESD method on binary-class and multi-class 
dataset.  

Dataset Splits Sensitivity Specificity Accuracy F-score MCC 

Binary Class Dataset 

Training Dataset 65.87 87.48 83.16 61.00 50.56 
Testing Dataset 65.22 86.93 82.59 59.98 49.20   

Multi-Class Dataset 
Training Dataset 65.22 91.30 86.09 65.22 56.53 
Testing Dataset 63.11 90.78 85.25 63.11 53.89  

Fig. 5. Binary class analysis of ADLBSC-ESD model.  

Fig. 6. Multi-class analysis of ADLBSC-ESD model.  

Table 4 
Comparative analysis of existing with proposed ADLBSC-ESD method 
on applied dataset.  

Methods Accuracy (%) 

ADLBSC-ESD (Binary Class)  0.8316 
ADLBSC-ESD (Multi Class)  0.8609 
KELM (Binary Class)  0.8053 
SA-KELM (Binary Class)  0.8249 
KELM (Multi Class)  0.8262 
SA-KELM (Multi Class)  0.8291 
Linear SVM  0.7710 
Cubic SVM  0.8230 
M-Gaussian-SVM  0.8170 
KNN  0.7600 
MLP  0.7800  
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individual experiences. 
The 0j particle has an entirely arbitrary behavior in the environments 

and passes over the space without achieving a specific purpose and 
sharing the result with another flock member. Indeed, this particle in-
creases the possibility of discovering the particle that has not been 
examined using the ej particle. When other particles get trapped in the 
best local point, it was hoped that this particle stores them. This one uses 
the succeeding Eq. (20) for arbitrary movement: 

oi+1 = 0i +

[

rand({ − 1, 1} )*
rand(min

s
,max

s
)

1 + rand()

]

(20) 

SSA consists of 2 kinds of leaders: global and local leaders. The 
particle is separated into groups. The particle in all the groups is mainly 
related. After that, an optimal particle in all the groups is chosen and is 
known as the local leader. Then, an optimal particle between the local 
leader is selected and is known as the global leader. The particle changes 
its direction and converges based on the location itself. 

4. Performance validation 

This section investigates the performance of the ADLBSC-ESD tech-
nique on the applied Epileptic seizure recognition dataset [25]. The 
dataset holds instances under both binary and multiple classes. The total 
number of features that exist in the dataset is 178. 

Table 1 examines the best cost analysis of the ITLBO-FS technique 
with other techniques. The results depicted that the PSO-FS and GA-FS 
techniques have showcased ineffectual performance with the best cost 
of 0.0345691 and 0.0378504, respectively. The TLBO-FS and SA-FS 
techniques have offered moderate outcomes with the best cost of 
0.024134 and 0.026925, respectively. However, the ITLBO-FS tech-
nique has accomplished maximum performance with the least reason-
able cost of 0.016843. 

Fig. 3 shows the confusion matrix of the ADLBSC-ESD technique 
under the binary class dataset. On the applied training dataset, the 
ADLBSC-ESD technique has classified the set of 1515 instances into class 
0 and 8048 instances into class 1. Besides, on the applied training 
dataset, the ADLBSC-ESD technique has classified 8048 instances into 
class 1. 

Fig. 4 illustrates the confusion matrix of the ADLBSC-ESD approach 
under multiple class datasets. On the applied training dataset, the 

ADLBSC-ESD manner has classified the set of 1515 instances into class 
0 and 8048 instances into class 1. Similarly, on the applied training 
dataset, the ADLBSC-ESD methodology has classified 8048 instances 
into class 1. 

A detailed classification results analysis of the ADLBSC-ESD tech-
nique takes place on a multi-class dataset in Table 2. The experimental 
results demonstrated that the ADLBSC-ESD technique resulted in 
maximum performance with maximum classification performance on 
the applied training and testing dataset. 

Table 3 and Figs. 5-6 demonstrates the results analysis of the 
ADLBSC-ESD technique on the applied binary and multiple classes 
dataset. The table shows that the ADLBSC-ESD technique has classified 
the samples into binary classes with the maximal training and testing 
accuracy of 83.16% and 82.59%, respectively. Moreover, the ADLBSC- 
ESD technique has classified the samples into multiple classes with the 
maximum training and testing accuracy of 86.09% and 85.25%, 
respectively. 

Finally, a comprehensive comparative study of the ADLBSC-ESD 
technique is carried out in Table 4 and Fig. 7 [26]. The results show-
cased that the KNN, linear SVM, and MLP techniques have worse out-
comes with lower accuracy of 0.76, 0.771, and 0.78, respectively. In 
addition, the KELM(binary class) and M-Gaussian-SVM techniques have 
offered slightly enhanced accuracy of 0.8053 and 0.817. Followed by the 
Cubic-SVM, SA-KELM (binary class), KELM (multi-class), and SA-KELM 
(multi-class) techniques have resulted in a moderate accuracy of 0.823, 
0.8249, 0.8262, and 0.8291, respectively. However, the ADLBSC-ESD 
(binary class) and ADLBSC-ESD (multi-class) techniques have exhibi-
ted superior performance with the accuracy of 0.8316 and 0.8609, 
respectively. By looking into the analysis of the results as above 
mentioned, it is apparent that the ADLBSC-ESD technique has resulted in 
an effective model over the other techniques. 

From the analysis of the results as mentioned earlier, it is evident that 
the ADLBSC-ESD technique is an effective tool for classifying brain 
signals and epileptic seizure detection and classification. 

5. Conclusion 

This study uses a new ADLBSC-ESD technique to classify the brain 
signals for epileptic seizure classification. The ADLBSC-ESD technique 
involves a 3-stage process: pre-processing, ITLBO based feature selec-
tion, and SSA-DBN-based classification. In the SSA-DBN model, the 

Fig. 7. Accuracy analysis of ADLBSC-ESD model with existing techniques.  
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hyperparameters of the DBN model are optimally tuned using the SSA 
for the effectual classification of EEG signals. A comprehensive experi-
mental analysis is carried out to ensure the better performance of the 
ADLBSC-ESD technique, and the outcomes are observed regarding 
different measures. The simulation values highlighted the better per-
formance of the ADLBSC-ESD technique over the current state of art 
techniques with maximum accuracy of 0.8316 and 0.8609 under binary 
and multiple classes, respectively. In the future, the EEG signal classi-
fication performance can be enhanced by using advanced DL models 
with hybrid meta-heuristicalgorithms. 
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