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Abstract- The Internet of Things (IoT) is an indispensable part of the healthcare system since it creates a link 

between the doctor and the patient for remote medical consultations. IoT-based seizure prediction detects the 

seizures and monitors the health of patients remotely. The disease seizure is categorized with the sudden and 

repeated malfunction of the neurons of the brain. To protect patient's lives, it's critical to recognise the risk of an 

epileptic seizure. In this research a hybrid cuckoo finch optimization is proposed tuned Deep-CNN (Deep-

Convolutional Neural Network) classifier recognize and predict the occurrence of epileptic seizure using the 

electroencephalogram (EEG) signal data obtained through IoT. Initially, the gathered data is pre-processed and 

subjected to frequency band generation. Then there are the notable characteristics, such as Statistical features, 

Wavelet features, Entropy-based features, Spectral features, CPR (Common Spatial Patterns) and Logarithmic 

band power are extracted and concatenated. The optimal electrode selection is done by using the proposed hybrid 

cuckoo finch optimization that inherits characteristics of the intrusive and attentive search agents. The data is 

finally normalized and fed to proposed hybrid cuckoo finch optimization tuned Deep-CNN to classify the seizure 

disease. The specificity, accuracy and sensitivity of the proposed model is attained as 92.5212%, 97.7648%, and 

95.6324%, which demonstrates efficient performance of the proposed seizure prediction model. 

 

Keywords: Seizure, Internet of Things, Deep-Convolutional Neural Network, Electroencephalogram, Hybrid 

Cuckoo Finch Optimization. 
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Hybrid Cuckoo Finch Optimization based Machine Learning Classifier for 

Seizure Prediction Using EEG Signals in IoT Network 

 

1. Introduction 

 Conventional healthcare applications are ineffectual to meet the demands of an ever-growing population. 

One of the advancement in conventional health care application is smart health care that makes effective use of 

available resources and meets everyone's healthcare demands. The IoT-based epileptic seizure detection is a good 

example of smart healthcare. Epilepsy is a disorder in brain, which is featured with the incidence of unexpected 

anomalous activity of brain that originates from the unnecessary activation of neurons either in whole brain or 

some parts of the brain. Around 50 million people are identified to experience the disease of epilepsy throughout 

the world, out of which around half of this population suffers with the problem of active epileptic seizures. This 

can lead the patients with problems that vary either as minor changes in behaviour to complete failure of muscular 

control and consciousness. Epileptic patients are at a higher risk of accidents and damage as a result of seizure-

related occurrences alone, in addition with higher depression rates [1][9]. The patients, who undergo epileptic 

seizure, can be recovered using medicines or with surgical treatments. However, it has been discovered that 

minimum 30% of seizures are not controlled or treated with existing treatment approaches, which include surgical 

or medical procedures. Hence, it is particularly imperative to envisage the subsequent seizures before occurrence 

in such a way to prevent the patients from seizure through medication [2].As epileptic seizures are linked to brain 

activity, electroencephalogram (EEG) signals are commonly used to diagnose them [4]. 

 The electrical occurrence inside the human brain are recorded using the EEG signals, which is recorded 

by introducing the EEG electrodes over patients scalp (Non-invasive method) or by inserting the electrodes inside 

the tissues of the brain (Invasive method) [10]. When a human undergoes neurological disorder, The EEG signals 

can identify a quick alteration in the electrical impulses of the brain [2]. Epileptic seizure is classified into number 

of states based on the duration of occurrence. The state originating with an onset and terminated with the epileptic 

seizure is termed as ictal state. Postictal state is a state that originates after the completion of seizure and continues 

about few moments. Common activity of brain is termed as interictal state and the condition starts about 60 to 90 

min before the seizure onset and this state is termed as preictal state [3][11] that can be observed using the EEG 

signal. However, the EEG provides temporal decision and is tedious to be applied for applications requiring 

continuous examination. The conventional EEG monitoring components require motionless locations and it limits 

mobility. Number of distinctive features, like sharp fine module, physiological area, electro-cerebral negativity, 

and interrupted frameworks are suggested for inspecting the epileptic seizure with EEG signal evaluation [4][12]. 

 Pre-processing of the input signal to reduce undesirable noise, classification and feature extraction of the 

EEG signal based on the derived features are examples of conventional techniques [13] for analysing epileptic 

seizures introduced by researchers. Pre-processing can be executed using the band stop or band pass filtering 

methods, Fourier transform, Empirical Mode Decomposition, and so on [1]. The methods that do not use pre-

processing strategies have lead to reduced specificity and sensitivity [3]. Once the unwanted noise is removed 

using the pre-processing steps, significant features that provide increased interclass variance and reduced intra-

class variance is extracted from the signal. In some researches, the researchers have taken only the handcrafted 

features such as temporal and spectral features in seizure prediction [2]. CNN (Convolutional Neural Network) is 

manifested as one of the better methods as the features are extracted, in addition with the class information that 

are given with the data. The classification of the EEG signal is executed after the selection of features using the 

machine learning classifiers or deep learning methods in the recent researches. Most of the seizure classification 

methods used Random forest [15], SVM [14], KNN  [16] and Naïve Bayes [17] to classify the epileptic seizure. 

Deep learning classifiers [2], such as CNN [3], and Deep-RNN (Deep- Recurrent Neural Network) [4] are a few 

approaches for carrying out the classification process [2]. 

 The prime objective of this paper is to develop the efficient IoT-based epileptic seizure prediction 

method. The EEG signals are gathered by IoT, where the centralized IoT node called doctor predict the epileptic 

seizure. The input EEG signals are gathered by the IoT nodes and are fed to the Band pass filter, using which the 

artefacts are removed from the input EEG signals. The frequency, waves such as gamma, theta, delta, beta and 

alpha waves are generated from the EEG signals. The generated frequency band are subjected to the feature 

extraction process, from which Statistical features, Wavelet features, Entropy-based features, Logarithmic Band 



Power , Spectral features and Common Spatial Patterns features are extracted and concatenated to reduce the 

complexity of the prediction system. In order to ensure that classification is accurate, the electrodes are chosen 

optimally using the proposed Hybrid Cuckoo Finch Optimization algorithm. Finally, data normalization is 

performed to improve the integrity of data before the classification of seizure. The classification is executed 

through the Deep-CNN controller, the weights of which are optimized using the proposed Hybrid Cuckoo Finch 

Optimization, which is developed through hybridization of the Intrusive and the attentive search agents. The main 

contribution of Research is:  

1. This research work proposes a novel Hybrid Cuckoo Finch optimization-Deep CNN method is utilized  

for the prediction of seizure disease using the EEG signals of the patient that is collected using IoT. 

2. The proposed hybrid cuckoo finch optimization algorithm is proposed with the hybrid characteristic 

features of Intrusive and the attentive search agents to select the optimal electrode and to tune the the 

Deep CNN classifier optimally. 

3. The signals gathered through IoT are normalized and send to the Deep CNN classifier, the weights of 

classifier is optimally tuned using the hybrid cuckoo finch optimization to classify the epilepsy seizure 

with enhanced performance.  

4. Comparative analysis suggested the credibility of Hybrid Cuckoo Finch optimization-Deep CNN based 

classifier for Seizure prediction module, based on performance indices using CHB-MIT dataset in terms 

of training percentage and k-fold value.  

5. It is evident that the Hybrid Cuckoo Finch Optimized-Deep CNN classifier is capable of providing 

enhanced seizure prediction, as compared to the comparative methods, with the attainment of better 

accuracy, sensitivity, and specificity measures. 

The paper is organized as: Section 1 portrays the introduction of research, and section 2 surveys the existing 

techniques of epileptic seizure classification and prediction with their limitations. Section 3 explains proposed 

hybrid cuckoo finch optimization algorithm in detail and section portrays the proposed strategy of seizure 

prediction and classification using EEG signals through IoT. Section 5 explains the results generated by the 

proposed system and section 6 concludes the paper.  

2. Motivation for the research 

 The survey of the conventional methods of epileptic seizure prediction is deliberated and associated 

challenges in detail is provided as follows.  

2.1 Literature survey 

 The techniques and methods related to the seizure disease prediction using the EEG signal data of the 

patients are presented in this section as: Barkın Büyükçakır et al.[1] developed the Hilbert Vibration 

Decomposition-oriented Epileptic Seizure Prediction using Neural Network (HVD-NN) that offered enhanced 

sensitivity and better rates of false alarm. However, it needs more number of labeled samples to assure accurate 

prediction. Hirald Dwaraka Praveena et al. [2] introduced the long short term memory classifier that was effective 

in removing the redundant features that assists in achieving enhanced performance in classification. But, the time 

needed for training the classifier is high. Athar A. Ein Shoka et al. [3] designed an Ensemble classifier, which 

provided enhanced classification in terms of metric parameters as compared to single classifiers. Even though it 

detected all the seizure cases without mistakes, it sometime misclassifies the normal cases as seizure case. 

Ratnaprabha Ravindra Borhade and Nagmode [4] designed the Deep Recurrent Neural Network (Deep-RNN) that 

possessed quick rate of convergence, easy implementation, less complexity, and increased speed. However, it 

need high cost for initial set up and expensive in training complex data sets. Banu Priya Prathaban and 

Ramachandra Balasubramanian [5] modelled the Grey Wolf Optimized Model Driven (GWO-MD), which needed 

reduced time for computation and possessed less complexity, but exhibit slow rate of convergence. Mustafa 

Sameer and Bharat Gupta [6] introduced a method using KNN, NB, DT, SVM, Adaboost, Random forest classifier 

that possessed enhanced accuracy and high classification capability.  However, this system needs the optimization 

of results in case of larger datasets. Thara D K et al. [7] designed the Stacked BiLSTM, which was capable of 

overcoming the problem of vanishing gradient identified in RNN, however the error in prediction increases with 

the time of prediction. Marzieh Savadkoohi et al. [8] designed a system based on SVM and KNN that was 

consistent and proficient in seizure prediction, but not suitable for the dataset of larger size. 



2.2 Challenges 

The challenges possessed by the techniques of epileptic seizure prediction are enlisted as below: 

 Hilbert Vibration Decomposition-oriented Epileptic Seizure Prediction in the presence of Neural 

Network needs more number of labeled samples to provide classification with improved accuracy [1]. 

The attainment of more number of labeled samples is the major problem associated with the method. 

 Even though the methods based on Deep Learning assure the prediction of seizures in an effective way, 

it undergoes the problem of reduced SNR. 

 The major limitation of LSTMs is the possibility to experience the problem of overfitting and it is tedious 

to use the algorithms to control this limitation. 

 Vanishing gradient is one of the major problems in long term recurrent neural network model that involve 

in the prediction of epileptic seizure. 

 Reduced precision, time-consuming convergence and poor local searching capability are some of the 

issues seen in Grey Wolf Optimized Model Driven (GWO-MD) strategy. 

3. Significance of IoT network in smart healthcare 

 IoT acts as an appropriate solution to various things, such as smart houses, traffic management, logistics, 

and so on. The IoT enabled wearable devices, such as fitness bands, heart rate monitoring devices and glucometer 

sends the alert message to the physician or the family member of the patient, which enables them to provide on-

time health care assistance and avoid death of patients. For instance, a patient with neurological diseases can be 

monitored by their relatives or physician through the wearable IoT device and they can provide on-time medical 

support in case of emergency [35]. In the proposed deep learning based seizure prediction techniques, the heath 

care data of the patient collected by the IoT-enabled wearable device are utilized for the accurate prediction of 

epileptic seizure. 

3.1 IoT-Framework: 

 The internet of things comprised of a large amount of smart gadgets concatenated over the internet, with 

the help of sink node RT  that serves as the heart of network and interlinked to the cluster heads 
hN , which 

include i  number of sensor nodes. Within a given range, these node-to-node links perform direct data transfer. 

All node exhibit a maximum extent of data transfer and are distributed within the dimension of 
tr and 

ts meters 

uniformly. Furthermore, every node comprises a separate identifier and composition of nodes for making cluster. 

Position of the sink node is best described as tt sr 5.0,5.0 . Entire data indications are obtained through sink 

node, which is connected to the network's nodes. The values of 
tr and 

ts represents the location of each node, and 

thus, the exchange of data takes place with respect to cluster head structure. The cluster head is noted as
hN , and 

i

hN is the number of clusters in each cluster head. The entire framework of IoT is shown in figure 1. 

   

 

 

 

 

 

 

Figure 1. Structure of IoT network 
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The whole structure is divided into 
hN  amount of clusters, in which normal clusters are numbered as

hNi  . 

Data is transferred to CH by the network nodes and CH that sends it to sink node. Distance among the node p

and the CH q is indicated as qpl , and distance among the CH q  and the sink node is represented as qc . 

3.1.1 Radio model: First Order Radio Model is used for making the energy model of the system [36]. This model 

says that the energy of every node may get deteriorated in the process of data transmission, data amplification, 

data reception, and data aggregation. In transferring a single bit to a distance of n , the amplification of energy is 

formulated as 
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where, fs represents the amplifier energy for free space and 
ms  indicates the amplifier energy for multipath 

space. Similarly, the dissipated energy in collection or transfer g  bits over a distance of m is formulated as,  

EelecT hDhDnhD ),(     (2) 

elecR hDnhD ),(        (3) 

where, 
elecD represents the range of degenerated energy per bit for transmission or reception.  

3.1.2 Energy model: When the data with packet size
sizJ  is collected, energy metric in the Internet of Things has 

been modified. When a normal node delivers 
sizeN of information to the CH, the measure of energy is stated as, 
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In the same way, 
sizJ of data is collected through CH, and energy is given as, 
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where, 
e

NT indicates the normal node, 
e

CT is the cluster head, 
edM represents the energy degenerated in cluster 

head.  

4. Proposed method of IoT-based seizure prediction using hybrid cuckoo finch optimization tuned Deep-

CNN classifier 

 Epilepsy is a persistent neurological illness that causes altered perception or a whole-body seizure with 

uncontrollable bodily activities. The design of automatic strategies for the detection and classification of seizures 

can assist to overcome the problems associated with sudden unpredictable seizures. This research devise a strategy 

for the prediction of seizure based on deep learning model using the EEG signals of patients gathered through IoT 

without the need for hand-crafted channel selection and feature extraction. The diagrammatic representation of 

the proposed IoT based Deep-CNN seizure prediction model is presented in figure 2. 

The doctor in the sink node takes the EEG signal to process them in such a way to predict the epileptic seizure of 

patients in an automatic manner. The proposed strategy is different from the existing methods, in terms of the 

selection of features, as it considers the most significant features for the accurate prediction. The optimal selection 

of electrodes and the tuning of Deep CNN parameters assist the system to attain enhanced performance in the 

prediction of seizure. Hence, developing a new metaheuristic optimization known as hybrid cuckoo finch 

optimization for the selection of electrode and for the hyper parameter tuning of the classifier is the novelty in this 

research. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.1 Data collection using IoT 

 The EEG signals of the patients are obtained through IoT that makes the data collection process more 

convenient. Patients' EEG readings are acquired through IoT and processed in order to detect epileptic seizures. 

Once the data is gathered by the sink node, these EEG signals are processed further by our proposed model can 

be used for finding the presence of epileptic seizures in the patients.  

4.2 Pre-processing of EEG signal 

 The raw EEG readings collected from patient comprise of certain noises, due to muscle artifacts, blinking 

of eye, and deep breathing of the patients during the testing process. The artifacts present in the EEG signal have 

an effect on the edge function, and hence changes the shape of the wave form. Thus, the band-pass filter is 

employed to eliminate the unwanted disturbances and noise in the EEG. The values of cut-off frequencies 

drastically influence the performance of the epileptic seizure prediction. 

4.3 Frequency band generation of signal 

 EEG signal describes the electric activity that takes place in the brain, and the frequency of the EEG 

signal defines the rhythms of the EEG. The pre-processed EEG signals are subjected to the generation of frequency 

bands, such as


,


, ,


, and


, to define the normal and abnormal rhythms of the EEG signal. Even though 

there are number of definitions related to the sub-bands, they differ slightly from each other [22]. In this paper, 

the most common ranges of frequency, such as
)40( Hz

,
)84( HzHz 

,
)138( HzHz 

,

)2213( HzHz 
, and

)3022( HzHz 
, are considered.  
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Figure 2. Block diagram of the IoT-based Epileptic Seizure prediction 



4.4 Feature extraction from frequency bands of EEG signal 

 The most significant step of the proposed seizure prediction module is the extraction of the important 

features from the


,


, ,


, and 


 frequency bands. The development of the feature vector by the 

concatenation of extracted features assists in the classification of epileptic seizure through the optimized Deep- 

CNN. The features extricated from the frequency bands in the proposed system are the Logarithmic band power 

feature, Statistical features, Wavelet features, Spectral features, Common spatial pattern feature, and the Entropy 

based features.  

4.4.1 Statistical features 

                The statistical features enhance the classification accuracy of the proposed seizure prediction model. 

The statistical features extricated from the frequency bands, such as


,


, ,


, and


and are described as: 

a) Mean: The term mean is defined as the average of total EEG signal instances to the total instances, and is 

formulated as, 

b

g

bmean E
g

D  


1

1
       (9) 

where, g  indicates the total occurrences of EEG signal and 
bE is the

th
b data. 

b) Variance: The term variance is the average deviations in square for the individual data and the mean
meanD  

and is formulated as,  
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c) Standard Deviation: This is the square of variance expressed in terms of the mean, and it is written as,  
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e) Skewness: The term  Skewness is described as the assessment of asymmetry related to the rate of the third 

central instant, and it is expressed as, 
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f) Kurtosis: Kurtosis is defined as the value of the distributed weight of the tails corresponding to the continuing 

distribution, that in the case of a Gaussian distribution, equals zero. The formula for Kurtosis is expressed as, 
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where, 
bE indicates the 

th
b  measure of E , and k indicates the sample standard deviation.   

4.4.2 Spectral features  

 The spectral analysis of EEG signal quantifies the oscillatory activities of the frequencies of EEG signal. 

The spectral features extracted in the proposed epileptic seizure classification module are stated as, 



a) Absolute Spectral Power: The absolute spectral power of a given sub-band is a measurement of the signal's 

power in given frequency range. The equation for absolute spectral power is expressed as, 





5
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where, )(H represents the power spectral density of the frequency sub-bands.  

b) Relative Spectral Power: The relative spectral power is the proportions of power of signal at given frequency 

band to the frequency band total power. This can be expressed mathematically as, 














all

relative

H

H

D

)(

)(

log
5

    (15) 

c) Spectral Power Ratio: The proportion of spectral powers at various frequency bands is the spectral power ratio 

between two bands. [25], and is formulated as, 

)()( rPrPD qsratio         (16) 

where, 
sP and qP represents two different bands at 

th
r window.  

 

4.4.3 Wavelet features 

 The wavelet signals are significant in providing the information related to both time and frequency within 

the signal. The two significant types of wavelet features that are considered in the proposed seizure prediction 

model are the wavelet energy and wavelet entropy.  

a) Wavelet energy: The wavelet energy is termed as the energy after decomposition of the wavelet sub-band, and 

is expressed as,  

2

 p wenergy pLD        (17) 

where, w is the rate of decomposition, and pLw  is the wavelet coefficient factor at the rate p .  

b) Wavelet entropy: In general, entropy is an evaluation of disturbed signal, and the rate of uncertainty highly 

relies on the states and probabilities of the EEG signals. The measure of wavelet entropy is expressed as, 
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where, u indicates the number of wavelet decompositions.  

4.4.4 Common spatial pattern feature 

 The CSP feature uses the spatial filters to maximize the difference among two distinct classes. During 

the extraction of common spatial pattern (CSP) feature, Due to the immediate diagonalization of the two 

covariance matrices, the variance of two signals is maximised [27], and is expressed as, 
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where, T indicates the transposed matrix of signals 1B and 2B , c indicates the linear transformation function, 

and 1G and 2G are the spatial co-variance matrix.  

4.4.5 Entropy based features 

 The measure of degree that the power spectrum is uniform is termed as entropy. The entropy-based 

measure differentiates the relation of idleness, independence, and interdependence over the number of features 

[26]. The entropy feature is expressed as, 

2

1

2
log bb bentropy NND  
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4.4.6 Logarithmic band power features 

 The logarithmic compression of the measures of spectral power for each frequency sub-band develops a 

feature called as logarithmic band power feature that involves in the better representation of the EEG signals 

compared to normalization [26]. The formula for the logarithmic band power features is expressed as, 

 




 1

21
log

b bbandpower ND       (21) 

where,  indicates the number of unique values, and 
bN is the probability of 

th
b data.  

 

4.5 Feature Concatenation 

 The Logarithmic band power feature, Statistical features, Wavelet features, Spectral features, Common 

spatial pattern feature, and the Entropy based features extracted from the frequency bands are concatenated to 

develop a feature vector Dvector that acts as the input to the optimal electrode selection unit, in such a way to select 

the optimal electrode for enhanced seizure prediction. The feature vector thus developed is formulated as, 

 
bandpowerentropycommonwentropyenergyratiorelativeabsolutekurskewsmeanvector DDDDDDDDDDDDDD ,,,,,,,,,,,, tanvar

  (22) 

Feature vector can be represented as size of  131
 
for predicting the seizure disease gathered from the EEG 

signals in the developed prediction framework. The optimal electrodes based on the features are selected with the 

help of proposed Hybrid Cuckoo Finch optimization algorithm to make the prediction process effective.  

4.6 Optimal electrode selection using proposed Hybrid Cuckoo Finch optimization algorithm 

 Recording of EEG signal using multiple electrodes is highly pricey and consumes more time for the 

acquisition and analysis of data. It must be known that the quality of EEG signal data may get deteriorated, with 

the increase in number of electrodes. In addition, it is tedious to discover and solve the problems in the presence 

of more number of electrodes. Hence, the proposed cuckoo finch optimization algorithm is used to select the 15 

number of electrodes with highly instructive signals that transmits spatial temporal interdependence are needed to 

execute the operation with enhanced performance [24]. These 15 electrodes are highly informative signals, which 

carries the spatial temporal dependencies. 

4.6.1 Proposed hybrid cuckoo finch optimization algorithm – A hybrid Meta-heuristics: 

 The proposed hybrid cuckoo finch algorithm is grouped under hybrid meta-heuristics system based on 

the creatures' combined traits, such as intrusive and attentive search agents [20][21]. The usual optimizations 



display features centred on the search agents' food seeking characteristics, implying a dynamic nature in resolving 

convergence challenges. The dynamic properties related with the attributes of intrusive search agents and attentive 

search agents are used in the proposed hybrid cuckoo finch algorithm to overcome the convergence issue. This 

improves the proposed algorithm's capacity to achieve the global best solution with a higher convergence rate 

than existing strategies, which typically result in local optimal solutions.  

a) Inspiration for the introduction of proposed optimization strategy: 

 The term optimization represents the searching process, in which optimal solutions to certain problem 

can be evaluated. The search process can be executed with the help of different search agents, and can evolve with 

the iterations based mathematical equations. The modelling of an effective optimization is equal to copying the 

development of a self-organizing scheme [20]. In this research a hybrid optimization is developed by integrating 

the breading behaviour of cuckoo and searching characteristics of sparrow. The cuckoo is the intrusive search 

agent with unique breeding characteristics.  The intrusive search agents are so attractive with the beautiful sounds 

they make and the peculiar act of reproduction they generally follow. The intrusive search agents lay eggs in the 

nest of other creatures, and destroy the eggs of the native creatures in such a way to increase the probability of its 

own eggs to hatch, and hence they are termed as intruders. This behaviour of intrusive search agents helps to avoid 

pre-mature convergence and avoid stagnation in local optima. On the other hand sparrow is the attentive search 

agent with high memory. Hence, attentive search agent avoids searching the food in the same space repeatedly. 

Hence, the convergence rate of algorithm is increased by using these food seeking characteristics of the attentive 

agent. Hence, these breading and food seeking characteristics of intrusive and attentive search agents provides 

inspiration to develop hybrid cuckoo finch optimization. 

b) Mathematical model of the proposed hybrid cuckoo finch optimization 

This section elucidates the mathematical structure of the proposed Hybrid cuckoo finch optimization. The rules 

followed by the intrusive search agents is stated as follows 

 Only one egg is laid by each intrusive search agent at a time, and it is placed in a nest chosen at random. 

 The nest seems to be the best with the egg of high quality is passed to the next generation. 

 The count of nests is fixed, and the likelihood of the host search agent to find the eggs of the intrusive 

search agent lies in the range ]1,0[ . In this situation, the host search agent may destroy the egg of the 

intrusive agent or the nest and develop a new nest. 

Each egg in the nest is thought to represent a solution. The steps taken by intrusive search agents are outlined 

below,  

Step 1- Population initialization: The number of intrusive search agents is initialised in the first phase. Each 

search agent has a position vector that represents its current location.,  

 miM i ,...,2,1      (1) 

where, 
iM  represents the population of the host nests in the search space.  

 

Step 2- Update of position:  The random walk generated by the intrusive search agents are formulated as, 
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where, 
l

xK and 
l

yK are the randomly selected solutions using random permutation,  hfJ is a Heaviside 

function,  is a arbitrary number, 
hf is the switching element,  and n represents the step size. This is the position 

update expression based on intrusive search agents. Even though this strategy need only few parameters to be 

tuned, the slow rate of convergence and the possibility to get trapped into the local optimal solution is the major 

limitation associated with the algorithm. As a result, the attentive search agents' features are combined with the 

intrusive search agents' characteristics, resulting in a faster rate of convergence and a global optimal solution. The 

selection of the attentive search agents are lies in its flexibility in application in engineering fields [21]. The 

characteristic of protection against predators is the important feature of the attentive search agents, which is 



inherited with the characteristics of the intrusive search agent. The location of the intrusive search agent can be 

updated as, 
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where, 
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,

l
ASjK is the location of the attentive search agent at 

th
l )1(  iteration,

l

bestK is the current global optimal 

location of the attentive search agent,  represents the control parameter related to step size. Finally, the hybrid 

cuckoo finch search agents' position is hybridised based on the features of intrusive search agents and attentive 

search agents [23] as,  
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The standard equation of the hybrid cuckoo finch optimization algorithm, which combines the features of intrusive 

and attentive search agents, is given above. 

 

Algorithm 1.  Proposed  hybrid cuckoo finch optimization algorithm pseudo code  

Input:
 

 miM i ,...,2,1  

Output: 
1l

K  

1 Population Initialization of hybrid cuckoo finch search agents 

2 Determine maximum instance  
maxI   

3        For each hybrid cuckoo finch search agent 
iM  

4       Update the new position using equation, 
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l

best

l

y

l

xh

l
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l
KKKKfJnKK ,,

1 1
2

1  
    

5          Evaluate fitness measure 

6          Abandon the worst solutions 
hf  

7           Re-evaluate fitness measure 

8               If  

9                 { 

10                    
new

l

jold

l

j ff ,,   

11                      Replace the previous solution by new solution 

12                    } 

13              Update position of the search agent 
1l

K based on fitness 

14 Return   
1l

K  

15 Terminate 

 

Step 3- Fitness evaluation: The value of fitness for each search agent is stored as, 

                                  m

l
JJFF

j
,..,, 21         (8) 

Each hybrid cuckoo finch search agent's matching fitness measure is kept in the following equation, which 

measures survival of the fittest.  

 



Step 4- Abandon of worst solution: A fraction 
hf of worst nests are destroyed and new nests are developed. In 

other words, the nests with best solutions are maintained, and the rest are destroyed.  

 

Step 5- Re-evaluate fitness measure: Sort all the search agents by fitness measure, then change the position if a 

better solution than the old one can be found. 

 

Step 6- Termination: The algorithm is terminated when the global best solution is found. The pseudo code of the 

proposed hybrid cuckoo finch optimization algorithm is depicted in algorithm 1. 

4.7 Data normalization 

 The problem of unwanted drift that occur in the distribution of the neuron activation during learning 

process can be addressed using the data normalization process. This process can simplify the numerical 

calculations, and also speed up the learning process of the classifier. Before the training of process of the Deep 

CNN to predict the epileptic seizure, the data is normalized in such a way to reduce the inter-participant variability.  

4.8 Epileptic seizure prediction using Hybrid Cuckoo Finch optimization algorithm tuned Deep CNN 

 The EEG signal after data normalization is processed by the proposed Deep-CNN to detect the epileptic 

seizure of patients. The detection performance of the classifier is enhanced with the adjustment of the hyper 

parameters such as weights and bias of the Deep CNN classifier, which is executed using the proposed hybrid 

cuckoo finch algorithm. The devised algorithm is based on a combination of invasive search agent's and attentive 

search agent's characteristics. Figure 3 illustrates the Deep-CNN classifier's basic architecture. 

4.8.1 Structural design of Deep-CNN 

The structure of the deep CNN consists of the layers, namely FC layer , max-pooling layers and convolutional 

layers. And the entire layer is responsible for a specific duty, with the convolutional layers develop feature maps 

and FC creates the final output, which serves input class label. To carry out the evaluation procedure, the 

convolutional layer's features are passed to the FC layers.  

Input layer: Initially, the EEG data gathered through IoT form the patient is pass to the input layer of the deep 

CNN.  

 

Convolutional layers: The limited features created as the feature map from the input and are gathered from the 

different convolutional layers in order to make the categorization more effective. 

 

 

 

 

 

 

 

 

 

 

Figure 3. Architecture of Deep-CNN 

 Furthermore, using adjustable weights, the neurons between the layers are connected to one another. The output 

of the convolutional layers is formulated as, 
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where, represents the convolutional operator,  
PO

e

aW
,

denotes the feature map from
th

W convolutional layer 

centered at PO, . The weights are indicated as, 
I

YaV , and 
e

aX be the bias, that is adjusted optimally by proposed 

hybrid cuckoo finch optimization algorithm. The feature maps that each convolutional filter produces are indicated 

by the parameters CY ,  and Z .  

 

Batch Normalization Layer: This layer is inserted between the convolutional layers and the ReLU layer to 

improve the suggested classification model's training feature. This layer helps to normalise the network's 

activations and gradients, which aids in effective training. 

 

ReLU Layer: The ReLU layer, a non-parametric layer that does not inhibit any bias or weight, is used to combine 

the maps from the successive layers. 

 

Max Pooling Layer: It is utilized to down sample the feature maps created with the convolutional layers are to 

reduce data size.  

 

Fully connected layers: The convolutional layer's feature maps are delivered to this layer, which performs the 

final processing and generates the final output as, 
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The parameters of Deep CNN are found by the hybrid cuckoo finch optimization algorithm.  

 

Softmax Layer: To facilitate effective processing in the classification layer, the outcomes of FC is regularised 

with this activation function. 

 

Classification Layer: This layer used for classification that make in use of the possibilities produced from the 

softmax activation function to all the inputs to assign the class for all the input EEG signals.  

 

From equation (24), it is clear that the hyper parameters, such as weights and bias of the classifier are needed to 

be tuned to obtain accurate detection performance. For selecting the optimal weights and bias the constraints, such 

as sensitivity, specificity and accuracy are considered as the fitness function for the proposed hybrid cuckoo finch 

optimization algorithm. Hence, the proposed hybrid cuckoo finch-based Deep CNN is modelled to forecast t the 

epileptic seizure of patients from the EEG signal of patients obtained through IoT. 

5. Results and Discussion: 

This section discusses the output of the proposed seizure prediction module as well as the comparative analysis 

used to demonstrate the superiority of the proposed hybrid cuckoo finch-based Deep CNN classifier in seizure 

prediction. 

5.1 Experimental setup 

The implementation and analysis is executed in PYTHON tool installed in Windows 10 OS (64-bit) on 16GB 

RAM.  

5.2 Dataset description 

The training of the classifier is the significant process in Deep learning techniques, to perform various action. In 

this research standard datasets are fed to classifier followed by the testing classifier to ensure that the classifier 

elucidate the data accurately. This section provides a summary of the dataset used to develop the proposed hybrid 

cuckoo finch-based Deep CNN classifier, 





5.2.1 CHB-MIT Scalp EEG Database: The CHB-MIT dataset acts as a commonly available database used in the 

detection of epileptic seizure. The dataset comprise of continuous scalp recordings of EEG of 22 patients that are 

grouped as 23 cases. All signals are captured at 256 samples/second with a resolution of 16 bits, and the majority 

of the files are EEG recordings with 23 channels[18]. 

5.2.2 Siena Scalp EEG Database: This database set comprise of data that are obtained from 7 patients, who are 

admitted in the department of Neurology and Neurophysiology, University of Siena[19].  

5.3 Evaluation metrics  

The efficiency of hybrid cuckoo finch optimization-based Deep-CNN is tested using the metrics described as, 

5.3.1 Accuracy: The accuracy is stated as the measure of nearness to the evaluated measure of the system to the 

real measure of the system, and is given as, 

           
p n

Accuracy
p n

 

 

      (25) 

where, p , n , p and n denotes true positive, true negative , false positive and false negative respectively. 

 

5.3.2 Sensitivity: The sensitivity is generally termed as the proportion of True Positive measures to the number of 

real positive cases, and is given by, 

 

p
Senitivity

p p

 
    

    (26) 

 

5.3.3 Specificity: It is generally termed as the proportion of True Negatives to the count of real negative cases in 

the data as given by, 

n
Sensitivity

n n

     
   (27) 

 

5.4 Performance analysis of proposed strategy 

This part presents the analytical results acquired utilising a hybrid cuckoo finch-based Deep-CNN classifier for 

seizure disease prediction. 

5.4.1 Analysis using CHB-MIT database: 

The evaluation of hybrid cuckoo finch-based Deep-CNN using the CHB-MIT dataset in terms of training 

percentage and k-fold value is deliberated in this section.   

a) Based on training percentage: 

 The evaluation using the CHB-MIT dataset in terms of training percentage with respect to the 

performance indices are shown in figure 4. The evaluation based on accuracy is depicted in figure 4 (a). At the 

epoch of 20, the accuracy of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 

70%, 80%, and 90% are 95.733%, 96.7381%, 96.7866%, 96.8351%, 96.8836%, and 96.9806%, respectively. At 

the epoch of 60, the accuracy of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 

70%, 80%, and 90% are 97.0981%, 97.1125%, 97.1468%, 97.1955%, 97.2442%, and 97.3416%, respectively. At 

the epoch of 100, the accuracy of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 

70%, 80%, and 90% are 97.4731%, 97.657%, 97.706%, 97.755%, 97.804%, and 97.902%, respectively.  

 The analysis with respect to sensitivity is depicted in figure 4 (b). At the epoch of 20, the sensitivity of 

the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, and 90% are 

96.7381%, 96.7866%, 96.8351%, 96.8836%, 96.9321%, and 96.9806%, respectively. At the epoch of 60, the 

sensitivity of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, and 

90% are 97.0981%, 97.1468%, 97.1955%, 97.2442%, 97.2929%, and 97.3416%, respectively. At the epoch of 



100, the sensitivity of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, 

and 90% are 97.657%, 97.706%, 97.755%, 97.804%, 97.853%, and 97.902%, respectively.  

 The analysis with respect to specificity is depicted in figure 4 (c). At the epoch of 20, the specificity of 

the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, and 90% are 

93.8655%,  96.7381%, 96.7866%, 96.8351%, 96.8836%, and 96.9806%, respectively. At the epoch of 60, the 

specificity of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, and 

90% are 97.0981%, 97.1125%, 97.1468%, 97.1955%, 97.2442%, and 97.3416%, respectively. At the epoch of 

100, the specificity of the proposed hybrid cuckoo finch-Deep CNN at the training of 40%, 50%, 60%, 70%, 80%, 

and 90% are 97.4731%, 97.657%,  97.706%, 97.755%, 97.804%, and 97.902%, respectively.  

 

                (a)       (b)    (c)  

Figure 4. Performance analysis using CHB-MIT dataset in terms of training percentage, (a) accuracy, (b) 

sensitivity, and (c) specificity 

b) Based on k-fold value 

 The analysis using the CHB-MIT dataset in terms of k-fold value based on performance indices are 

shown in figure 5. The evaluation corresponds to accuracy is depicted in figure 5 (a). At the epoch of 20, the 

accuracy of hybrid cuckoo finch-based Deep CNN for the k-fold of 2,4,6,8,10,and 12 are 92.9924%, 93.7462%, 

93.7932%, 93.8402%, 93.8872%, and 93.9812%, respectively. At the epoch of 60, the accuracy of hybrid cuckoo 

finch-Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 94.315%, 94.5061%, 94.5535%, 94.6009%, 94.6483%, 

and 94.7431%, respectively. At the epoch of  100, the accuracy of the proposed hybrid cuckoo finch-based Deep 

CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 95.0286%, 95.664%, %, 95.76%, 95.856%, and 95.904, 

respectively.  

 The analysis with respect to sensitivity is depicted in figure 5 (b). At the epoch of 20, the sensitivity of 

the proposed hybrid cuckoo finch-based Deep CNN for the k-fold of 2,4,6,8,10,and 12 are 93.7462%, 93.7932%, 

93.8402%, 93.8872%, 93.9342%, and 93.9812%, respectively. At the epoch of 60, the sensitivity of the proposed 

hybrid cuckoo finch-based Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 94.5061%, 94.5535%, 94.6009%, 

94.6483%, 94.6957%, and 94.7431%, respectively. At the epoch of 100, the sensitivity of the proposed hybrid 

cuckoo finch-based Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 95.664%, 95.712%, 95.76%, 95.808%, 

95.856%, and 95.904%, respectively.  

 The analysis corresponds to specificity is depicted in figure 5 (c). At the epoch of 20, the specificity of 

the proposed hybrid cuckoo finch-based Deep CNN for the k-fold of 2,4,6,8,10,and 12 are 93.8655%, 93.8655%, 

93.7462%, 93.7932%, 93.8402%, and 93.9812%, respectively. At the epoch of 60, the specificity of the proposed 

hybrid cuckoo finch-based Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 94.2678%, 94.315%, 94.5061%, 

94.5535%, 94.6009%, and 94.7431%, respectively. At the epoch of 100, the specificity of the proposed hybrid 

cuckoo finch-based Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 95.0286%, 95.664%, 95.712%, 95.76%, 

95.856%, and 95.904%, respectively.  



 

                   (a)           (b)         (c)  

Figure 5. Performance analysis using CHB-MIT dataset in terms of k-fold, (a) accuracy, (b) sensitivity, and (c) 

specificity 

5.4.2 Analysis using Siena Scalp database 

The evaluation of hybrid cuckoo finch-based Deep CNN using the Seina scalp dataset with respect to training 

percentage and k-fold value is deliberated in this section.   

a) Based on training percentage 

 The evaluation using the Seina scalp dataset in terms of training percentage with respect to the 

performance indices are shown in figure 6. The evaluation based on accuracy is depicted in figure 6 (a). At the 

epoch of 20, the accuracy of hybrid cuckoo finch-Deep CNN for training of 90%, 80%, 70%, 60%, 50%, and 40% 

are 95.4809%, 95.4331%, 95.3854%, 95.3376%,  95.2899%, and 95.2421%, respectively. At the epoch of 60, the 

accuracy of the proposed hybrid cuckoo finch-Deep CNN for the training percentage of 90%, 80%, 70%, 60%, 

50%, and 40%, are 96.0423%, 95.9943%, 95.9462%, 95.8982%, 95.8501%, and 95.8021%, respectively. At the 

epoch of 100, the accuracy of the proposed hybrid cuckoo finch-based Deep CNN for training of 90%, 80%, 70%, 

60%, 50%, and 40% are 96.903%, 96.8545%, 96.806%, 96.7575%, 96.709%,and 96.6605%,  respectively.  

 The analysis with respect to sensitivity is depicted in figure 6 (b). At the epoch of 20, the sensitivity of 

hybrid cuckoo finch-Deep CNN at 90%, 80%, 70%, 60%, 50%, and 40%, training are 92.9144%, 92.8666%, 

92.8189%, 92.7711%, 92.7234%, and 92.6756%, respectively. At the epoch of 60, the sensitivity of the proposed 

hybrid cuckoo finch-based Deep CNN for the training percentage of 90%, 80%, 70%, 60%, 50% and 40%, are 

93.4758%, 93.4278%,  93.3797%, 93.3316%, 93.2836%, and 93.2356%, respectively. At the epoch of 100, the 

sensitivity of the proposed hybrid cuckoo finch-Deep CNN for the training percentage of 90%, 80%, 70%, 60%, 

50%, and 40% are 94.3365%, 94.288%, 94.2395%, 94.191%, 94.1425%, and 94.094%, respectively.  

 The analysis with respect to specificity is depicted in figure 6 (c). At the epoch of 20, the specificity of 

the proposed hybrid cuckoo finch-based Deep CNN for the training percentage of 90%, 80%, 70%, 60%, 50%,  

and 40% are 93.5252%, 93.4775%, 93.4297%, 93.382%, , 93.3342%, and 93.2865%, respectively. At the epoch 

of 60, the specificity of the proposed hybrid cuckoo finch-based Deep CNN for the training percentage of 90%, 

80%, 70%, 60%, 50% and 40%, are 94.0867%, 94.0386%, 93.9906%, 93.9425%, 93.8945%, and 93.8464%, 

respectively. At the epoch of 100, the specificity of the proposed hybrid cuckoo finch-Deep CNN for the training 

percentage of 90%, 80%, 70%, 60%, 50%, and 40%,are 94.9473%, 94.8988%, 94.8503%, 94.8018%, 94.7533%, 

and 94.7048% respectively. 



  

  (a)                     (b)                   (c)  

Figure 6. Performance analysis using seina scalp dataset in terms of training percentage, (a) accuracy, (b) 

sensitivity, and (c) specificity 

b) Based on k-fold value: 

 The performance evaluation using the Seina scalp dataset in terms of k-fold value based on performance 

indices are shown in figure 7. The evaluation based on accuracy is shown in figure 7 (a). At the epoch of 20, the 

accuracy of hybrid cuckoo finch-based Deep CNN for the k-fold of 2,4,6,8,10,and 12 are 92.2502%, 92.2965%, 

92.3427%, 92.389%, 92.4352%, and 92.4815%, respectively. At the epoch of 60, the accuracy of hybrid cuckoo 

finch-Deep CNN for the k-fold of 2, 4, 6, 8, 10, and 12 are 93.2101%, 93.2569%, 93.3037%, 93.3504%, 

93.3972%, and 93.4439%, respectively. At the epoch of 100, the accuracy of the  for the k-fold of 2, 4, 6, 8, 10, 

and 12 are 94.6675%, 94.715%, 94.7625%, 94.81%, 94.8575%, and 94.905%, respectively.  

 The sensitivity in terms of accuracy is depicted in figure 7 (b). At the epoch of 20, the sensitivity of the 

proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2,4,6,8,10,and 12 are 90.9046%, 

90.9508%, 90.9971%, 91.0433%, 91.0896%, and 91.1358%, respectively. At the epoch of 60, the sensitivity of 

the proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2, 4, 6, 8, 10, and 12 are 91.8645%, 

91.9112%, 91.958%, 92.0047%, 92.0515%, and 92.0982%, respectively. At the epoch of 100, the sensitivity of 

the proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2, 4, 6, 8, 10, and 12 are 93.3218%, 

93.3693%, 93.4168%, 93.4643%, 93.5118%, and 93.5593%, respectively.  

  

                                         (a)                (b)         (c)  

Figure 7. Performance analysis using seina scalp dataset based on k-fold, (a) accuracy, (b) sensitivity, and (c) 

specificity 

 The analysis in terms of specificity is depicted in figure 7 (c). At the epoch of 20, the specificity of the 

proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2,4,6,8,10,and 12 are 91.2237%, 

91.27%, 91.3162%, 91.3625%, 91.4087%, and 91.455%, respectively. At the epoch of 60, the specificity of the 



proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2, 4, 6, 8, 10, and 12 are 92.1836%, 

92.2304%, 92.2771%, 92.3239%, 92.3706%, and 92.4174%, respectively. At the epoch of 100, the specificity of 

the proposed hybrid cuckoo finch-based Deep CNN classifier for the k-fold of 2, 4, 6, 8, 10, and 12 are 93.641%, 

3.6885%, 93.736%, 93.7835%, 93.831%, and 93.8785%, respectively 

5.5 Comparative Evaluation  

This section describes comparative evaluation of the recent techniques of seizure prediction with the proposed 

hybrid cuckoo finch-based Deep CNN classifier model of seizure prediction.  

5.5.1 Comparative methods: 

The comparative methods like  Adaboost classifier [28], Decision tree (DT) classifier [29], Random forest (RF) 

classifier [30], K-Nearest Neighour (K-NN) classifier [8], Support vector machine (SVM) classifier [8], deep 

learning classifier [31], convolutional neural network (CNN) classifier [32], Crow search optimization (CSO) 

based ensemble classifier [33], Squirrel search optimization (SSO) based ensemble classifier [21], Hybrid seek-

based ensemble classifier [33][21], Cuckoo search algorithm (CSA) based deep CNN [20] [34], and proposed 

hybrid finch based Deep CNN. 

5.5.2 Evaluation using CHB-MIT database: 

The comparative evaluation of the proposed hybrid cuckoo finch-based Deep CNN classifier method using the 

CHB-MIT dataset in terms of training percentage and k-fold value is deliberated in this section. 

a) Based on training percentage: 

 The specificity, sensitivity, and accuracy of the methods in terms of training percentage are depicted in 

figure 8. Figure 8 (a) depicts the evaluation in terms of accuracy. The accuracy of Adaboost classifier, DT 

classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA based Deep 

CNN, and the proposed hybrid cuckoo finch-Deep CNN at the training percentage of 40% are 81.6717%, 

84.083%, 86.4258%, 90.3812%, 91.356%, 92.3304%, 93.3044%, 94.2759%, 94.278%, 95.2388%, 95.4159%, 

and 97.1768%, respectively. Further sensitivity of the methods, such as Adaboost classifier, DT classifier, RF 

classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble 

classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA-Deep CNN, and hybrid 

cuckoo finch-Deep CNN at 80% training are 83.2829%, 84.9645%, 86.8434%, 90.818%, 91.7976%, 92.7768%, 

93.7556%, 94.734%, 95.5968%, 96.5221%, 96.7017%, and 97.6472%, respectively. 

 The performance corresponds to sensitivity is shown in figure 8 (b). The sensitivity of Adaboost 

classifier, DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, 

CSO based ensemble classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA based 

Deep CNN, and the proposed hybrid cuckoo finch-Deep CNN at training percentage of 40% are 80.8499%, 

82.8204%, 84.2934%, 88.2488%, 89.2236%, 90.198%, 91.172%, 92.145%, 93.1188%, 94.0916%, 94.2706%, 

and 95.0444%, respectively. The sensitivity of the methods, such as Adaboost classifier, DT classifier, RF 

classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble 

classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA-Deep CNN, and hybrid 

cuckoo finch-Deep CNN at 80% of training are 81.2507%, 83.2308%, 84.711%, 88.6856%, 89.6652%, 

90.6444%, 91.6232%, 92.6016%, 93.5796%, 94.5572%, 94.7371%, and 95.5148%, respectively. 

 The performance corresponds to specificity is shown in figure 8 (c). The specificity of Adaboost 

classifier, DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, 

CSO based ensemble classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA based 

Deep CNN, and the proposed hybrid cuckoo finch- Deep CNN at the training percentage of 40% are 59.9056%, 

61.305%, 61.7034%, 61.746%, 77.7387%, 81.1822%, 85.1376%, 86.1124%, 87.0868%, 88.0608%, 89.0344%, 

and 91.9332%, respectively. The specificity of the methods, such as Adaboost classifier, DT classifier, RF 

classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble 

classifier, SSO based ensemble classifier, Hybrid seek-based ensemble classifier, CSA-Deep CNN, and hybrid 



cuckoo finch-Deep CNN for the training percentage of 80% are 65.4432%, 77.8389%, 81.2866%, 85.2468%, 

86.2228%, 87.1984%, 88.1736%, 89.1484%, 90.1228%, 91.0968%, 91.276%, and 92.4036%, respectively. 

 

                              (a)                       (b)                     (c)  

Figure 8. Comparative analysis using CHB-MIT dataset in terms of training percentage, (a) accuracy, (b) 

sensitivity, and (c) specificity 

b) Based on k-fold value: 

 The specificity, sensitivity and accuracy, of methods in terms of k-fold value are shown in figure 9. 

Figure 9 (a) shown the performance corresponds to accuracy. The accuracy of the methods, such as Adaboost 

classifier, DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, 

CSO based ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep 

CNN, and the proposed hybrid cuckoo finch-Deep CNN at k-fold of 2 are 66.5846%, 69.0272%, 71.9294%, 

81.4424%, 83.412%, 85.3808%, 87.3488%, 89.316%, 91.2824%, 93.248%, 93.6259%, and 95.1936%, 

respectively. The accuracy of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN 

classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based 

ensemble classifier, hybrid seek based ensemble classifier, CSA based deep CNN, and the proposed hybrid cuckoo 

finch-based Deep CNN classifier for the k-fold of 10 are 66.9062%, 70.5456%, 73.5116%, 81.836%, 83.8152%, 

85.7936%, 87.7712%, 89.748%, 91.724%, 93.6992%, 94.079%, and 95.6544%, respectively. 

 

 The sensitivity of prediction model is shown in figure 9 (b). The sensitivity of Adaboost classifier, DT 

classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and 

propos ed hybrid cuckoo finch-Deep CNN at the k-fold of 2 is 64.4522%, 68.4132%, 71.3792%, 79.31%, 

81.2796%, 83.2484%, 85.2164%, 87.1836%, 89.15%, 91.1156%, 91.4935%, and 93.0612%, respectively. The 

sensitivity of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN classifier, SVM 

classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based ensemble classifier, 

hybrid seek based ensemble classifier, CSA based deep CNN,and the proposed hybrid cuckoo finch-based Deep 

CNN classifier for the k-fold of 10 are 64.7738%, 68.754%, 71.7344%, 79.7036%, 81.6828%, 83.6612%, 

85.6388%, 87.6156%, 89.5916%, 91.5668%, 91.9466%, and 93.522%, respectively. 

 

 The specificity of the prediction model is shown in figure 9 (c). The specificity of Adaboost classifier, 

DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and 

the proposed hybrid cuckoo finch-Deep CNN at k-fold of 2 are 56.7564%, 56.7564%, 61.5018%, 76.1988%, 

78.1684%, 80.1372%, 82.1052%, 84.0724%, 86.0388%, 88.0044%, 88.3824%, and 89.95%, respectively. The 

specificity of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN classifier, SVM 

classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based ensemble classifier, 

hybrid seek based ensemble classifier, CSA based deep CNN, and the proposed hybrid cuckoo finch-based Deep 



CNN at k-fold of 10 are 61.408%, 61.341%, 65.302%, 68.268%, 76.5924%, 78.5716%, 80.55%, 82.5276%, 

84.5044%, 86.4804%, 88.4556%, 88.8355%, 90.4108%, respectively. 

 

                              (a)                        (b)                      (c)  

Figure 9. Comparative analysis using CHB-MIT dataset based on k-fold, (a) accuracy, (b) sensitivity, and (c) 

specificity 

 

5.5.3 Analysis using Seina scalp database: The comparative study of proposed hybrid cuckoo finch-based Deep 

CNN method using the Seina scalp dataset in terms of k-fold value and training percentage is described in this 

section.   

a) Analysis with respect to training percentage: 

 The specificity, sensitivity, and accuracy of prediction methods in terms of training percentage are 

demonstrated in figure 10. Figure 10 (a) illustrates the analysis based on accuracy. The accuracy of Adaboost 

classifier, DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, 

CSO based ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA based 

deep CNN, and the proposed hybrid cuckoo finch-based Deep CNN at 40% training are 74.7835%, 77.7492%, 

79.9687%, 85.9118%, 87.384%, 88.8556%, 90.3266%, 91.797%, 93.2668%, 94.736%, 95.0144%, and 

96.1852%, respectively. Then the sensitivity of the methods, such as Adaboost classifier, DT classifier, RF 

classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble 

classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and proposed 

hybrid cuckoo finch-Deep CNN of 80% training are 75.1446%, 78.1248%, 80.3551%, 86.327%, 87.8064%, 

89.2852%, 90.7634%, 92.241%, 93.718%, 95.1944%, 95.4743%, and 96.6508%, respectively. 

 

 The analysis in terms of sensitivity is shown in figure 10 (b). The sensitivity of Adaboost classifier, DT 

classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA based deep CNN, 

and the proposed hybrid cuckoo finch-based Deep CNN at 40% training are 72.651%, 75.6168%, 77.8363%, 

83.7794%, 85.2516%, 86.7232%, 88.1942%, 89.6646%, 91.1344%, 92.6036%, 92.882%, and 94.0528%, 

respectively. The sensitivity of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN 

classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based 

ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and hybrid cuckoo finchDeep CNN 

at 80% training are 73.0122%, 75.9924%, 78.2227%, 84.1946%, 85.674%, 87.1528%, 88.631%, 90.1086%, 

91.5856%, 93.062%, 93.3419%, and 94.5184%, respectively. 

 

 The analysis in terms of specificity is shown in figure 10 (c). The specificity of Adaboost classifier, DT 

classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA based deep CNN, 

and the proposed hybrid cuckoo finch-based Deep CNN classifier with 40% of training are 69.5399%, 72.5056%, 



74.7251%, 80.6682%, 82.1404%, 83.612%, 85.083%, 86.5534%, 88.0232%, 89.4924%, 89.7709%, and 

90.9416%, respectively. The specificity of the methods, such as Adaboost classifier, DT classifier, RF classifier, 

K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO 

based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and hybrid cuckoo finch-Deep 

CNN with 80% training are 69.9011%, 72.8812%, 75.1115%, 81.0834%, 82.5628%, 84.0416%, 85.5198%, 

86.9974%, 88.4744%, 89.9508%, 90.2307%, and 91.4072%, respectively. 

  

                              (a)                        (b)                      (c)  

Figure 10. Comparative evaluation using seina scalp dataset in terms of training percentage, (a) accuracy, (b) 

sensitivity, and (c) specificity 

b) Based on k-fold value: 

 The accuracy, sensitivity, and the specificity of strategies in terms of k-fold are depicted in figure 11. 

Figure 11 (a) shows evaluation in terms of accuracy. The accuracy of methods, such as Adaboost classifier, DT 

classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and 

hybrid cuckoo finch-Deep CNN classifier for the k-fold of 2 are 63.342%, 67.0545%, 76.805%, 77.438%, 

79.625%, 81.906%, 84.371%, 86.835%, 89.298%, 91.76%, 92.2374%, and 94.202%, respectively. Further the 

sensitivity of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN classifier, SVM 

classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based ensemble classifier, 

hybrid seek based ensemble classifier, CSA based deep CNN, and the proposed hybrid cuckoo finch-based Deep 

CNN classifier for the k-fold of 10 are 63.648%, 67.3785%, 77.252%, 79.44%, 79.92%, 82.302%, 84.779%, 

87.255%, 89.73%, 92.204%, 92.6838%, and 94.658%, respectively. 

 The evaluation corresponds to sensitivity is shown in figure 11 (b). The sensitivity of Adaboost classifier, 

DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and 

hybrid cuckoo finch-Deep CNN classifier for the k-fold of 2 is 61.2096%, 64.9221%, 74.6726%, 75.3056%, 

77.4926%, 79.7736%, 82.2386%, 84.7026%, 87.1656%, 89.6276%, 90.105%, and 92.0696%, and 89.7201%, 

respectively. Further the sensitivity of the methods, like Adaboost classifier, DT classifier, RF classifier, K-NN 

classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based ensemble classifier, SSO based 

ensemble classifier, hybrid seek based ensemble classifier, CSA based deep CNN, and the proposed hybrid cuckoo 

finch-based Deep CNN classifier for the k-fold of 10 are 61.5156%, 65.2461%, 75.1196%, 77.3076%, 77.7876%, 

80.1696%, 82.6466%, 85.1226%, 87.5976%, 90.0716%, 90.5514%, and 92.5256%, respectively. 

 The evaluation corresponds to specificity is shown in figure 11 (c). The specificity of Adaboost classifier, 

DT classifier, RF classifier, K-NN classifier, SVM classifier, deep learning classifier, CNN classifier, CSO based 

ensemble classifier, SSO based ensemble classifier, hybrid seek based ensemble classifier, CSA-deep CNN, and 

the hybrid cuckoo finch-Deep CNN at the k-fold of 2 are 58.0984%, 61.8109%, 71.5614%, 72.1944%, 74.3814%, 

76.6624%, 79.1274%, 81.5914%, 84.0544%, 86.5164%, 86.9938%, and 88.9584%, respectively. The specificity 

of the methods, such as Adaboost classifier, DT classifier, RF classifier, K-NN classifier, SVM classifier, deep 



learning classifier, CNN classifier, CSO based ensemble classifier, SSO based ensemble classifier, hybrid seek 

based ensemble classifier, CSA based deep CNN, and the proposed hybrid cuckoo finch-based Deep CNN at the 

k-fold of 10 are 58.4044%, 62.1349%, 72.0084%, 74.1964%, 74.6764%, 77.0584%, 79.5354%, 82.0114%, 

84.4864%, 86.9604%, 87.4402%, and 89.4144%, respectively. 

 

                              (a)                        (b)                     (c)  

Figure 11. Comparative evaluation using seina scalp dataset in terms of k-fold, (a) accuracy, (b) sensitivity, and 

(c) specificity 

5.6 Comparative discussion 

 The Comparative evaluation of techniques, based on specificity, accuracy, and sensitivity using the CHB-

MIT dataset with respect to training percentage is tabulated in table I. From the table, the accuracy of 97.7648%, 

sensitivity of95.6324%, and specificity of 92.5212%, is attained by the proposed hybrid cuckoo finch-based Deep 

CNN classifier. Similarly, the comparative evaluation of techniques, in terms of performance metrics using the 

Seina scalp dataset in terms of k-fold value is tabulated in table IV. The accuracy of 95.7696%, sensitivity of 

93.6372%, and specificity of 90.5260% is attained by the proposed hybrid cuckoo finch-based Deep CNN. 

 

Table I. Analysis of CHB-MIT database in terms of training percentage 

Methods 

Training percentage 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Adaboost  83.4833 81.3509 68.6409 

DT  85.0273 83.3334 78.0393 

RF 86.9478 84.8154 81.4954 

K-NN 90.9272 88.7948 85.4652 

SVM 91.9080 89.7756 86.4436 

deep learning 92.8884 90.7560 87.4216 

CNN 93.8684 91.7360 88.3992 

CSO based ensemble 

classifier 94.8480 92.7156 89.3764 

SSO based ensemble 

classifier 95.8272 93.6948 90.3532 

Hybrid seek-based 

ensemble classifier 96.5732 94.6736 91.3296 

CSA based deep CNN 96.7529 94.8538 91.5093 

Proposed Hybrid cuckoo 

finch-based Deep CNN 97.7648 95.6324 92.5212 



 

 

Table II. Analysis of CHB-MIT database based on k-fold value 

  

 

 

The Comparative evaluation of techniques, in terms of performance metrics using the Seina scalp dataset with 

respect to training percentage is tabulated in table III. From the table, the accuracy of 96.7672%, sensitivity of 

94.6348%, and specificity of 91.5236% is attained by the proposed hybrid cuckoo finch-based Deep CNN. 

Similarly, the comparative evaluation of techniques, in terms of performance metrics using the Seina scalp dataset 

in terms of k-fold value is tabulated in table IV. The accuracy of 94.7720%%, sensitivity of 92.6396%, and 

specificity of 89.5284% is attained by the proposed hybrid cuckoo finch-based Deep CNN. 

 

Table III. Analysis of Seina scalp database based on training percentage 

 

 

Methods 

Training percentage 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Adaboost  75.2349 73.1025 69.9914 

DT  78.2187 76.0863 72.9751 

RF 80.4517 78.3193 75.2081 

K-NN 86.4308 84.2984 81.1872 

SVM 87.9120 85.7796 82.6684 

deep learning 89.3926 87.2602 84.1490 

CNN 90.8726 88.7402 85.6290 

CSO based ensemble 

classifier 92.3520 90.2196 87.1084 

SSO based ensemble 

classifier 93.8308 91.6984 88.5872 

Hybrid seek-based 

ensemble classifier 95.3090 93.1766 90.0654 

CSA based deep CNN 95.5892 93.4568 90.3457 

Proposed hybrid cuckoo 

finch-based Deep CNN 96.7672 94.6348 91.5236 

 k-fold value 

Methods 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Adaboost  66.9866 64.8542 61.4214 

DT  70.6308 68.8392 65.3872 

RF 73.6004 71.8232 68.3568 

K-NN 81.9344 79.8020 76.6908 

SVM 83.9160 81.7836 78.6724 

deep learning 85.8968 83.7644 80.6532 

CNN 87.8768 85.7444 82.6332 

CSO based ensemble 

classifier 89.8560 87.7236 84.6124 

SSO based ensemble 

classifier 91.8344 89.7020 86.5908 

Hybrid seek-based 

ensemble classifier 93.8120 91.6796 88.5684 

CSA based deep CNN 94.1923 92.0599 88.9488 

Proposed Hybrid cuckoo 

finch-based Deep CNN 95.7696 93.6372 90.5260 



 

 

Table IV. Analysis of Seina scalp database based on k-fold value 

 

 

Methods 

k-fold value 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Adaboost  63.7245 61.5921 58.4809 

DT  67.4595 65.3271 62.2159 

RF 77.3450 75.2126 72.1014 

K-NN 79.5360 77.4036 74.2924 

SVM 80.3300 78.1976 75.0864 

deep learning 82.4010 80.2686 77.1574 

CNN 84.8810 82.7486 79.6374 

CSO based ensemble 

classifier 87.3600 85.2276 82.1164 

SSO based ensemble 

classifier 89.8380 87.7056 84.5944 

Hybrid seek-based 

ensemble classifier 92.3150 90.1826 87.0714 

CSA based deep CNN 92.7954 90.6630 87.5518 

Proposed hybrid cuckoo 

finch-based Deep CNN 94.7720 92.6396 89.5284 

 

Hence, it is evident that the hybrid cuckoo finch-based Deep CNN classifier superior in providing enhanced 

epileptic seizure prediction, as compared with the comparative methods, in terms of increased performance 

measure values.  

6. Conclusion 

In this research work we proposed an epileptic seizure prediction model with the help of electroencephalogram 

(EEG) signal data gathered through Internet of Things (IoT). Initially, the data from IoT is collected and pre-

processed for the elimination of artefacts in input signal. Frequency band for the signal, such as gamma, theta, 

delta, beta and alpha waves are generated, from which the features needed for classification, such as statistical 

features, wavelet features, Entropy-based features, Spectral features, CPR and logarithmic band power are 

extracted. The extracted features are concatenated and used to select the electrode, which is executed through the 

proposed hybrid cuckoo finch optimization. Finally, the signals are normalized and send to the Deep CNN 

classifier, which is optimally tuned with the help of hybrid cuckoo finch optimization to classify the epilepsy 

seizure with enhanced performance. The accuracy of 97.7648%, sensitivity of 95.6324%, and the specificity of 

92.5212%, is obtained using the proposed seizure prediction model. In future, the accuracy of the method will be 

increased using modified Deep CNN classifier. 
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