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A B S T R A C T

Automatic epilepsy detection from electroencephalogram (EEG) signals is an alternative to manual detection
performed by a human expert. High classification performance is needed in automatic epilepsy detection from
EEG signals to avoid miss detection. This study aims to propose a classification method for automatic epilepsy
detection from EEG signals. The original EEG signals were processed using discrete Fourier transform (DFT) and
discrete wavelet transform (DWT) prior to feature extraction. A fusion of 2-class and 3 class gradient boosting
machines (GBM), called GBMs fusion, was used to classify EEG signals based on some statistical features and
crossing frequency features. In addition, a genetic algorithm was used to select the prominent features before
classification. The proposed method has been evaluated using three classes EEG signals (normal-interictal-ictal)
included in EEG dataset from University of Bonn. The experimental result shows that the proposed GBMs fusion
can improve the performance of a single GBM in classifying EEG signals. Furthermore, the proposed GBMs fusion
can perfectly detect epilepsy from EEG signals with an accuracy of 100%. However, the performance of GBMs fu-
sion may not be generalized to the other EEG dataset.

© 2021

1. Introduction

Epilepsy detection is a growing research topic due to the increasing
number of people detected suffering from epilepsy. According to World
Health Organization (WHO), globally, an estimated five million people
are diagnosed with epilepsy every year, some in high-income countries
(World Health Organization, 2019). Epilepsy is a neurological disorder
as a result of occurring abnormal electrical activity in the brain.
Epilepsy symptoms can be recurring seizures to the unconscious state
(Acharya et al., 2018; Peker et al., 2016; Sreekumar et al., 2021). Ini-
tially, the detection of epilepsy is manually performed based on an elec-
troencephalogram (EEG) signal. EEG signal is a low-cost tool for evalu-
ating brain activities recorded using some electrodes arranged on the
scalp (Parvinnia et al., 2014). The signal is visually examined by expert
medical doctors in neurology to determine the occurring of epilepsy.
However, manually examining EEG signals is time-consuming, tedious,
and often produces a false alarm or missed epilepsy detection

EEG, electroencephalogram
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(Satyender et al., 2021). To overcome the problem an automatic
epilepsy detection from EEG signals can be considered.

Several studies have been conducted to detect epilepsy automati-
cally from EEG signals, especially in classifying EEG signals in one of
three classes: EEG signal from a healthy subject (normal), epilepsy sub-
ject during seizure-free condition (interictal), and epilepsy subject dur-
ing seizure activity (ictal). Some previous related studies in EEG signals
classification are summarized in Table 1. Automatic epilepsy detection
from EEG signals is a classification problem that can be performed in
time domain, frequency domain, or time–frequency domain. In time do-
main classification, the input features are directly extracted from EEG
signals. On the other hand, EEG signal is transformed to frequency do-
main or time–frequency domain prior to feature extraction in frequency
domain or time–frequency domain classification. Discrete Fourier
transform (DFT) and discrete wavelet transform (DWT) are commonly
used to transform EEG signal from time domain to frequency domain
and time–frequency domain, respectively. In addition, some studies em-
ployed empirical signal decomposition methods, such as empirical
mode decomposition (EMD), empirical wavelet transform (EWD), and
variational mode decomposition (VMD), to process EEG signals.

Kaya et al. (2014) performed feature extraction in time domain by
directly extracting one-dimensional local binary pattern (1D-LBP) fea-
tures from original EEG signals. The features were inputted to
BayesNet, Support vector machine (SVM), artificial neural network
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Table 1
Some previous related studies in EEG signals classification.
Author Feature extraction Feature

selection/
reduction

Classifier

Chua et al.
(2009)

DFT + HOS features – GMM, SVM

Acharya et al.
(2011)

DWT + HOS features ANOVA SVM, k-NN,
RBPNN,
GMM, fuzzy
classifier

Guo et al.
(2011)

DWT + mean, std dev, energy, length,
and skewness

GP k-NN

Du et al.
(2012)

DFT + HOS features PCA LR

Acharya et al.
(2012)

Entropy, HOS features, fractal
dimension, and Hurst exponent

ANOVA Fuzzy
classifier

Martis et al.
(2013)

ITD + energy, entropy, and FD ANOVA SVM, PNN,
DT

Kaya et al.
(2014)

1-D local binary patterns – BayesNet,
SVM, ANN,
LR, FT

Martis et al.
(2015)

DWT + LLE, HFD, HE, SE – RBF-SVM,
DT, k-NN

Djemili et al.
(2016)

EMD + max, min, mean, std dev – ANN

Peker et al.
(2016)

DT-CWT + max, min, mean, std dev,
and median

– CVANN

Hamad et al.
(2017)

DWT GWO GWO-SVM

Zhang and
Chen (2017)

LMD + temporal statistics, fractal
dimension, Renyi entropy, HE

ANOVA GA-SVM

Li et al. (2017) DT-CWT + HE, FD and PE SVM, k-NN,
DT, RF

Acharya et al.
(2018)

– – CNN

Saini and
Dutta (2018)

Min, max, zero-crossing rate, skewness,
kurtosis, mean, median, mode, energy,
entropy, variance, signal to noise ratio,
coefficient of variation, std dev, mean
power

Kruskal-
Wallis
Test

PSO-ANN

Houssein et al.
(2019)

DWT + max, min, mean, std dev,
variance, median, skewness, energy,
RWE, entropy

WOA WOA-SVM

Kumar and
Rao (2019)

VMD + DE, PRMS – RF

Raghu et al.
(2019)

Matrix determinant – k-NN, SVM,
ANN

Türk and
Özerdem
(2019)

CWT + Scalogram – CNN

Wang et al.
(2019)

DWT + Statistical features PCA GBM + Grid
search
optimization

Carvalho et al.
(2020)

EMD, EEMD, CEMDAAN, EWT,
VMD + spectral features, Hjorth
mobility, statistical moments

RFE SVM, k-NN,
GPC, ANN

Goshvarpour
and
Goshvarpour
(2020)

Lagged Poincare plot parameters – k-NN, PNN

Zhang et al.
(2020)

– – MNL-
Network

Zhao et al.
(2020)

– – 1D CNN

Sukriti et al.
(2021)

MDE, RCMDE ANOVA SVM

Li and Chen
(2021)

FFT + PCANet – SVM

(ANN), logistic regression (LR), and functional tree (FT) for classifica-
tion. Saini and Dutta (2018) used min amplitude, max amplitude,
zero-crossing rate, skewness, kurtosis, mean, median, mode, energy,
entropy, variance, signal to noise ratio, coefficient of variation, stan-
dard deviation, mean and power directly extracted from EEG signals
to classify epilepsy. The features were selected using a nonparametric

test, called Kruskal-Wallis test, before classification. An artificial
neural network trained with particle swarm optimization (PSO-ANN)
was used for classification. Lagged Poincare plot parameters were the
other features directly extracted from EEG signals for epilepsy detec-
tion, as reported by Goshvarpour and Goshvarpour (2020). The fea-
tures were used as input to k-NN and probabilistic neural network
(PNN) for classification and obtained the best accuracy of 98.33%.
Raghu et al. (2019) proposed matrix determinant extracted directly
from EEG signal for epileptic seizures classification. The original EEG
signal was arranged as a square matrix and the logarithm of absolute
value of matrix determinant was calculated as a feature for classifica-
tion. Three classifiers, including k-NN, SVM, and ANN, were used to
classify EEG signals. The best accuracy of 99.45% was achieved using
ANN in two classes EEG signals classification. Sukriti et al. (2021)
proposed the use of two entropy features, called multiscale dispersion
entropy (MDE) and refined composite multiscale dispersion entropy
(RCMDE) to detect seizure from EEG signals. One way analysis of
variance (ANOVA) was employed select to determine significant fea-
tures from MDE and RCMDE before inputted to SVM for classifica-
tion. The best accuracy of 96.67% was achieved using RCMDE fea-
tures.

Some studies employed a convolutional neural network (CNN) to di-
rectly classify EEG signals in time domain. A 13-layers CNN was used by
Acharya et al. (2018) to automatically detect seizure from EEG signals.
Although CNN has achieved a good performance in image classifica-
tion, the CNN proposed by Acharya et al. (2018) only produced the
classification accuracy of 88.67% in seizure detection from EEG signals.
Zhao et al. (2020) proposes a 1D CNN for robust detection of seizure in
EEG signals. The proposed CNN model consisted of three convolutional
blocks and three fully connected layers and achieved the best accuracy
of 98.06% in three classes problem. Zhang et al. (2020) also proposed a
1D CNN called multi-scale non-local (MNL) network for automatic
epilepsy detection from EEG signals. To increase CNN performance in
epilepsy detection, two specific layers, namely signal pooling layer and
multi-scale non-local layer were added to the network. The proposed
network achieved the best accuracy of 98. 64% in classifying three
classes EEG signals.

Fourier transform was a common technique to analyze EEG signals
in frequency domain. Chua et al. (2009) used DFT to transform EEG sig-
nals into frequency domain in identifying epileptic EEG signals. The
higher-order spectra (HOS) features were extracted from the output of
DFT and inputted to Gaussian mixture model (GMM) and SVM for clas-
sification. The best accuracy of 93.11% was achieved by GMM. DFT and
HOS features were also used by Du et al. (2012). Before classification,
the dimension of features was reduced using principal component
analysis (PCA). Some machine learning models were used for classifica-
tion and achieved the best accuracy of 94.5% using simple logistic re-
gression. Li and Chen (2021) employed fast Fourier transform (FFT)
and PCA neural network (PCANet) for EEG signals classification. FFT
was used to construct a frequency matrix from each EEG signal. A set of
features were extracted from the matrix using a deep learning model
called PCANet. SVM was used to classify the features and obtained the
best accuracy of 99.60% in classifying three classes EEG signals.

Feature extraction in time–frequency domain was most widely used
to detect epilepsy from EEG signals in previous studies. Guo et al.
(2011) used DWT to decompose EEG signals into five sub-signals. Five
features, including mean, standard deviation, energy, length, and skew-
ness, were extracted from each sub-signal to obtain 25-dimensions fea-
ture space. Genetic programming (GP) was applied to reduce the di-
mension of feature space. The reduced features were then classified us-
ing k-nearest neighbor (k-NN) into three classes: normal, seizure-free,
and seizure with the classification accuracy of 93.5%. DWT was also
employed by Acharya et al. (2011), Martis et al. (2015), and Wang et al.
(2019) in classifying epileptic EEG signals. Acharya et al. (2011) ex-
tracted HOS features from the output of DWT. ANOVA was used to de-
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termine the significant features from HOS features. Some classifiers, in-
cluding SVM, k-NN, radial basis probabilistic neural network (RBPNN),
Gaussian mixture model (GMM), and fuzzy Sugeno classifier, were used
to detect epileptic EEG signal by Acharya et al. (2011). The best accu-
racy of 98.5% was obtained using the fuzzy classifier.

Martis et al. (2015) used DWT with Daubechies 6 family to decom-
pose EEG signal up to six decomposition levels. From the output of
DWT, some nonlinear features were extracted, including the largest
Lyapunov exponent (LLE), Higuchi fractal dimension (HFD), Hurst ex-
ponent (HE), and sample entropy (SE). The significant features were
selected using ANOVA before inputted to SVM, decision tree (DT), and
k-NN. The best performance of 98% was achieved using SVM with ra-
dial basis function (RBF) kernel. Wang et al. (2019) proposed the use
of DWT with the Symlets 4 family to recognize epileptic EEG signals.
The statistical features including mean and standard deviation were
extracted from the output of DWT. PCA was employed to reduce the
dimension of features before classification using gradient boosting ma-
chine (GBM). To obtain the best accuracy of 96.5%, grid search opti-
mization was employed to optimize the hyperparameters of GBM.
Hamad et al. (2017) proposed grey wolf optimization (GWO) (Mirjalili
et al., 2014) based feature selection to select importance features from
the output of DWT in classifying EEG signals. The selected features
were then inputted to SVM optimized with GWO (GWO-SVM).
Houssein et al. (2019) proposed whale optimization algorithm (WOA)
(Mirjalili and Lewis, 2016) based feature selection for EEG signals
classification. For levels of DWT with Daubechies 4 family were em-
ployed to decompose the EEG signals. Some features, including maxi-
mum, minimum, mean, standard deviation, variance, median, skew-
ness, energy, relative wave energy (RWE), and entropy, were ex-
tracted from the output of DWT. Some selected features were then in-
putted to SVM optimized with WOA (WOA-SVM). Although the meth-
ods proposed by Hamad et al. (2017) and Houssein et al. (2019)
achieved the best classification accuracy of 100%, the methods were
only used to classify two classes EEG signals.

Besides DWT, intrinsic time-scale decomposition (ITD), continuous
wavelet transformation (CWT), and dual-tree complex wavelet transfor-
mation (DTCWT) were also used for feature extraction in
time–frequency domain. Martis et al. (2013) proposed a method for
seizure prediction from EEG signals using ITD. The EEG signal was de-
composed using ITD to obtain low-pass and high-pass signals. Energy,
HFD, and SE were extracted from both low-pass and high-pass signals.
ANOVA was performed to select the significant features prior to classifi-
cation using SVM, probabilistic neural network (PNN), and DT. The
highest accuracy of 95.67% was obtained using DT. Türk and Özerdem
(2019) used CWT to contract a 2D time–frequency scalogram image
from EEG signal. The scalogram image was inputted to CNN for classifi-
cation. The best classification accuracy was 99.00% for three classes
EEG signals. Peker et al. (2016) proposed the use of DTCWT for auto-
mated epilepsy diagnosis from EEG signals. Five features were ex-
tracted from the outputs of DTCWT, that are minimum, maximum,
mean, standard deviation. A complex-valued artificial neural network
(CVANN) was used to classify EEG signals based on the extracted fea-
tures and obtained 99.3% accuracy. DTCWT was also used by Li et al.
(2017) to automatically detect epilepsy from EEG signals. Three nonlin-
ear features, which are HE, fractal dimension (FD), and permutation en-
tropy (PE), were obtained from the output of DTCWT. The features
were then inputted to SVM, k-NN, DT, and random forest (RF) for clas-
sification. The best accuracy of 98.87% was obtained using SVM.

Some empirical signal decompositions were also employed in EEG
signal classification for epilepsy detection. Djemili et al. (2016) pro-
posed empirical mode decomposition (EMD) for feature extraction in
EEG signals. Statistical features, including maximum, minimum, mean,
and standard deviation, were extracted from the output of EMD and
used for classification using ANN. Although the proposed method
achieved the best accuracy of 100%, it was only used in two classes

problem. Kumar and Rao (2019) proposed variational mode decompo-
sition (VMD) for epileptic seizure classification in EEG signal. Two se-
mantic features, namely differential entropy (DE) and peak-magnitude
of root mean square ratio (PRMS), were extracted from the output of
VMD and used to classify EEG signal using random forest (RF). The pro-
posed method achieved the best accuracy of 94.10% in classifying nor-
mal and epileptic EEG signal. Carvalho et al.(2020) conducted a study
to evaluate five adaptive decomposition methods, including empirical
mode decomposition (EMD), extended EMD (EEMD), complete EEMD
with adaptive noise (CEEMDAN), empirical wavelet transforms (EWT),
and variational mode decomposition (VMD) for EEG signals classifica-
tion. Spectral features, Hjorth mobility, and statistical moments were
extracted from the decomposed EEG signals. Some classifiers were em-
ployed in the study to classify EEG signals using the extracted features.
The experiment results showed that all decomposition method pro-
duced similar performance in classifying EEG signals.

High classification accuracy is the most important factor in auto-
matic epilepsy detection from EEG signals. Missed epilepsy detection
can lead to inappropriate treatment for the sufferer. Although several
methods have been proposed to automatically detect epilepsy from
three classes EEG signals, none of them have achieved 100% accuracy.
Therefore, the motivation of this study is to develop a classification
method that can achieve 100% accuracy in classifying three classes EEG
signals. Furthermore, none of the previous studies used classifiers fu-
sion to detect epilepsy from EEG signals. The use of classifiers fusion to
achieve higher classification accuracy is the main advantage of this
study compared with others. Furthermore, the use of simple statistical
features and crossing frequency features extracted from the output of
DFT and DWT are the other advantages of this study. This study pro-
posed a method for automatic epilepsy detection from EEG signals us-
ing gradient boosting machines (GBMs) fusion. The proposed method
implemented the combination of frequency domain and
time–frequency domain feature extraction by applying DFT and DWT.
In addition, a genetic algorithm (GA) was used to select the most dis-
criminative features used in classification. The complete flowchart for
the proposed method is shown in Fig. 1. The rest of the paper is orga-
nized as follows. Section 2 describes the material and method used in

Fig. 1. The complete flowchart for the proposed method.
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this study. The experimental result and discussion are provided in
Section 3. Finally, the conclusion is drawn in Section 4.

2. Material and method

2.1. EEG dataset

This study used a public EEG signals dataset available from the De-
partment of Epileptology University of Bonn (UoB), Germany, com-
posed by Andrzejak et al. (2001). A 128-channel amplifier system with
an average common reference method (Yao, 2001) was used to record
all EEG signals. The analog signals were converted to a 12-bit digital
and filtered with a bandpass filter setting in the range of 0.53 to 40 Hz
before written to computer storage. The dataset initially consisted of
five sets denoted by A, B, C, D, and E saved in five different ZIP files.
Each ZIP file contained 100 TXT files that represent 100 single-channel
EEG signals. Each TXT file had 4096 EEG data in time series with a du-
ration of 23.6 s and a sampling rate of 173.61 Hz.

Set A and B consisted of normal EEG signals from five healthy peo-
ple recorded in a relaxed state with their eyes open and closed, respec-
tively. On the other hand, set C, D, and E consisted of EEG signals from
five patients with epilepsy recorded during the evaluation process be-
fore surgery. EEG signals in sets C and D were collected from the hip-
pocampal formation and within the epileptogenic zone, respectively,
during seizure-free conditions (interictal period). In contrast, signals in
set E were collected during seizure activity (ictal period). This study
concentrated on detecting EEG signals to distinguish three types of sig-
nals, which are normal, interictal, and ictal. Therefore, this study only
used EEG signals from set A (normal), D (inter ictal), and E (ictal) to
evaluate the proposed epilepsy detection method. The example of EEG
signals from set A, D, and E are depicted in Fig. 2.

2.2. Features extraction

2.2.1. Frequency sub-band decomposition
Discrete Fourier transform has been widely used to analyze a dis-

crete signal, including EEG signal, in the frequency domain (Zhang,
2019). The proposed method employed DFT to decompose the original
EEG signal into five frequency sub-bands, which are delta (bellow

4 Hz), theta (between 4 and 8 Hz), alpha (between 8 and 12 Hz), beta
(between 12 and 30 Hz) and gamma (above 30 Hz). Suppose

is a discrete EEG signal in time domain with
sample points. The EEG signal was transformed into frequency do-
main using DFT as defined in Eq. (1),

(1)

where .
The transformed EEG signal was filtered using some bandpass

filters with different cutoff frequencies to produce
and that correspond to delta, theta,

alpha, beta, and gamma frequency subbands, respectively.
and were then transformed back into

the time domain to obtain decomposed EEG signals in the time domain
and using inverse DFT as defined in Eq.

(2)

(2)

This study used the implementation of the fast Fourier transform
(FFT) algorithm in NumPy library (Harris et al., 2020) to calculate DFT
as well as its inverse. Fig. 3 shows the example of decomposed EEG sig-
nal.

2.2.2. Discrete wavelet transform
Wavelet transform is a common technique used to analyze a signal

both in time and frequency domains. The fundamental principle used in
wavelet transform is to decompose the original signal into a series that
is a linear combination of the family of functions. The family of func-
tions is obtained by performing dilations and translations to a function
in the different values of dilation and translation parameters. Discrete
wavelet transform is a particular case of the wavelet transform that em-
ploys discrete values for both dilation and translation parameters (Tan
and Jiang, 2019).

Fig. 2. The example of EEG signal from (a) set A, (b) set D, and (c) set E.
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Fig. 3. The example of decomposed EEG signal: (a) original EEG signal, (b) delta subband, (c) theta subband, (d) alpha subband, (e) beta subband, and (f) gamma
subband.

Suppose is a signal in the time domain, is the family of
scalling functions, and is the family of wavelet functions.
and are obtained from father wavelet and mother wavelet

at scale and translation as defined in Eq. (3) and Eq. (4), respec-
tively.

(3)

(4)

DWT with the decomposition level of transforms the signal in
time domain into a set of coefficients and .
The coefficients and are called the approximation coefficients
and the detail coefficients, respectively. The DWT of is defined us-
ing the inner product of and as in Eq. (5) and Eq. (6).

(5)

(6)

The invers DWT reconstructs the signal from the approximation
coefficients and the detail coefficients based on wavelet expansion as
defined in Eq. (7).

(7)

This study applied DWT to the original EEG signal or the decom-
posed EEG signals obtained using frequency sub-band decomposition
discussed in Section 2.2.1. Some wavelet families were employed in this
study to process EEG signals using DWT, including Haar, Daubechies,
Symlets, Coiflets, Biorthogonal, Reverse Biorthogonal, and Discrete
Meyer. The decomposition level was heuristically determined in the
range of during the experiment such that the best classification
performance is achieved. The results of DWT were the coefficient vec-
tors . This study used a Python library for wavelet
analysis PyWavelets (Lee et al., 2019) to perform DWT. Fig. 4 shows the

example of DWT results using Symlet family sym5 with decomposition
level 2.

2.2.3. Statistical features
From each coefficient vector of DWT results, five statistical features

were extracted, including the 5th percentile, the 25th percentile, the
50th percentile, the 75th percentile, and the 95th percentile of the coef-
ficient vector. Therefore, there were statistical features ex-
tracted from all coefficient vectors of DWT result for DWT with the de-
composition level of . Percentiles provide information related to the
distribution of data by partitioning the data into 100 equal parts. The
pth percentile of data is a value such that the portion of data below the
value is p%. The elements of the coefficient vector were ordered from
smallest to largest to obtain the pth percentile. The index of the pth per-
centile in the ordered coefficient vector was determined using Eq. (8),

(8)

where is the length of the coefficient vector. If is an integer, the
pth percentile was the nth element of the ordered coefficient vector. Oth-
erwise, the pth percentile was obtained using linear interpolation based
on the fractional part of , the th and the th elements of the or-
dered coefficient vector (Filliben and Heckert, 2002). This study used
the implementation of percentile in the NumPy library (Harris et al.,
2020) to extract the statistical features.

2.2.4. Crossing frequency features
Zero-crossing rate (ZCR) is defined as the number of points at which

a signal crosses horizontal axis within one second. It is a simple feature
and can be used to capture the frequency information of signal. A high
ZCR is related to a high frequency signal (Motamedi-Fakhr et al., 2014).
This study extracted zero-crossing frequency (ZCF) from the coefficient
vector of DWT result to replace ZCR since all EEG signals in the dataset
have same duration and the calculation of ZCF is simpler compared to
ZCR. ZCF is defined as the frequency of two successive elements of the
coefficient vector cross zero or change in sign from negative to positive
or vice versa. Therefore, ZCF was be calculated using Eq. (9),
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Fig. 4. The example of DWT results using Symlet family sym5 with decomposition level 2: (a) original EEG signal, (b) vector , (c) vector , and (d) vector .

(9)

where is the length of the coefficient vector, is the element
of the coefficient vector, and is the sign function defined as in Eq.
(10).

(10)

Sometimes, a signal is only located in either the above or the bellow
of horizontal axis. In this condition ZCR cannot be used to capture the
frequency information of the signal. Therefore, this study also extracted
mean crossing frequency (MCF) (Myroniv et al., 2017) from the coeffi-
cient vector of DWT result as a complement to ZCF in capturing the fre-
quency information of the signal. Suppose is the mean of the coeffi-
cient vector, MCF is defined as the frequency of two successive ele-
ments of the vector cross . MCF was calculated similarly as ZCF from
the difference between the coefficient vector and , as in Eq. (11).

(11)

In total, there were crossing frequency features extracted
from the coefficient vector of DWT result with the decomposition level
of .This study used some functions from the NumPy library (Harris et
al., 2020) to extract ZCF and MCF.

2.3. Feature selection

A large number of features used in classification will increase the
complexity of the training process. On the other hand, it does not al-
ways produce good classification performance (Siswantoro et al.,
2020). One method that can be used to reduce the number of features is
feature selection. In the classification problem, feature selection works
by selecting the most discriminating subset of features. This study em-
ployed a genetic algorithm to perform feature selection. GA is an opti-
mization technique that mimics the principles of natural evolution. GA-
based feature selection has been proven to be able to eliminate irrele-
vant features and improve classification performance. In addition, the

time required for feature selection can be reduced by employing GA (Li,
2006).

The GA-based feature selection procedure was started by generating
the initial population randomly. The population consisted of chromo-
somes which are binary mask vectors with the length equal to the num-
ber of features. Each chromosome was composed of genes with a value
0 or 1. If the value of gene was 1 then the feature was selected for
classification; otherwise, the feature was not considered. The quality of
each chromosome was evaluated using a fitness function. In this study,
the fitness function for GA-based feature selection was the classification
accuracy of the classifier trained with the selected features that corre-
spond to the chromosome. The population members were iteratively
adjusted using three genetic operators, namely crossover, mutation,
and selection, until stopping criteria are reached. The parameters of GA
used in this study are tabulated in Table 2. This study used the imple-
mentation of GA in the DEAP library (Fortin et al., 2012) to perform
GA-based feature selection.

2.4. Gradient boosting machine

Gradient boosting machine is a boosting algorithm that uses regres-
sion trees as base learners and can be applied in regression and classifi-
cation problems. For a classification problem, the base learners were
used to train a classifier iteratively using the negative gradient of a dif-
ferentiable loss function. The classifier was expected to minimize the
loss function based on training data (Friedman, 2001). Suppose

is the training data, where is
the input features, is the desired output, is
the dimension of input features, and is the number of classes. Fur-
thermore, if belong to class and otherwise . For K-class

Table 2
The parameters of GA
Parameter Value

Population size Equal to the number of features
Number of generations 100
Crossover probability 0.5
Crossover method Single point
Mutation probability 0.2
Mutation method Flip bit
Selection Tournament with size 3
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classification problem, GBM used a negative multinomial log likelihood
function as loss function as in Eq. (12),

(12)

where is a vector-valued function
that maps the input features to the desired output

and is the probability that given the in-
put features which is defined using the softmax function as in Eq.
(13).

(13)

GBM aimed to find an approximation for F(x) that minimize
iteratively. The iteration was performed times with the

initial value of was set to . At the iteration, the ap-
proximation of was obtained
by fitting trees with -terminal nodes, that correspond to regions

, with the input features and the de-
sired output , where is negative the first par-
tial derivative of with respect to evaluated at

, as defined in Eq. (14),

(14)

and is as in Eq. (13) evaluated at .
The regions were then used to determine the update parame-

ters for by solving the optimization problem in Eq. (15),

(15)

where = and is an indicator
function defined as in Eq. (16).

(16)

Finally, the approximation of at the iteration was be
obtained using Eq. (17),

(17)

where is the learning rate parameter.
After iteration the approximation of was obtained.

The probability that an unknown input belongs to class was calcu-
lated from as in Eq. (13) evaluated at . The pre-
dicted class for was then obtained by finding that maximizes .
This study used the implementation of GBM in the Scikit-learn library
(Pedregosa et al., 2011). The number of iterations was set to 100,
and the learning rate parameter was set to 0.1.

2.5. Gradient boosting machines fusion

This study proposed a GBMs fusion to improve the classification per-
formance of GBM in classifying EEG signals into three classes, which
are ictal (class 0), normal (class 1), and interictal (class 2). Some GBM
classifiers were trained as base classifiers to classify the EEG signals into

three classes and two classes. The following steps were used to perform
training GBMs fusion and predict class label for unknown observation
using GBMs fusion.

1. Decompose the original EEG signal using DFT to obtain the
decomposed signals and

2. Apply DWT with the decomposition level of to the original EEG
signal to obtain the coefficient vectors

3. Apply DWT with the decomposition level of to the decomposed
EEG signal to obtain the coefficient vectors ,
for .

4. Extract statistical features and crossing
frequency features from the coefficient vectors

to obtain feature sets .
5. Extract 2 statistical features and crossing

frequency features from the coefficient vectors
, for to obtain feature sets .

6. Apply GA-based feature selection to and to select some
important features.

7. Train two 3-class GBMs, called and , using the selected
features from and , respectively, as input features.

8. Train six 2-class GBMs using the selected features from and
to classify the EEG signal into class 0 and class 1 (called

and , respectively), class 0 and class 2 (called and ,
respectively), or class 1 and class 2 (called and ,
respectively).

9. The GMBs fusion was performed as follows. Suppose is an
unlabeled EEG signal.
a. Predict the class label of using and to obtain

and , respectively.
b. If then further predict the class label of using

or and or to obtain or
and or , for .

c. If then further predict the class label of using
or and or to obtain or
and or , for .

d. If then further predict the class label of using
or and or to obtain or
and or , for .

10. The final predicted class of was obtained by majority voting
from the output of 3-class GBMs and 2-class GBMs, as in Eq. (18),

(18)

where is an indicator function defined as in Eq. (19).

(19)
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The using and for or or in
step 9b – 9d were heuristically determined such that the best classifica-
tion performance is achieved. The steps of the proposed GBMs fusion
are summarized in Algorithm 1.

Algorithm 1. Algorithm for the proposed GBMs fusion

Input: the training data set and , an unknown EEG signal .
Output: the predicted class of
Perform frequency sub-band decomposition for each to obtain

and
Perform level DWT for each to obtain
Perform level DWT for and to obtain , for

Extract statistical features and crossing frequency features from
to obtain

Extract statistical features and crossing frequency features from
, for to obtain

Perform GA-based feature selection on and
for
Train 3 class GBM using and to obtain
for
Train 2 class GBM using and to obtain

end for
end for
Predict
Predict
for
if
Predict or
Predict or

else if
Predict or
Predict or

else
Predict or
Predict or

end if
end for
Determine the predicted class of using Eq. (18)

Fig. 5 shows the toy example for the proposed GBMs fusion. The
example contains three classes: class 0, class 1, and class 2. First, the
features set and are extracted from each EEG signals in the train-
ing data. Each features set is then selected using GA-based feature selec-
tion to obtain the important features. Two 3-class GBMs are trained us-
ing the selected features from and , called and , respec-
tively to classify the EEG signal into class 0, class 1, and class 2. Further-
more, six 2-class GBMs are trained using the selected features from
and to classify the EEG signal into class 0 and class 1 (called and

, respectively), class 0 and class 2 (called and , respectively),
or class 1 and class 2 (called and , respectively). Suppose is an
unknown EEG signal that to be classified. Classify using and
and suppose the output classes are class 0 and class 2, respectively. Fur-
ther classify using or , or , and or and suppose
the output classes are class, 0, class 0, and class 2. The final class of is
obtained by majority voting from all outputs which is class 0.

2.6. Experimental setup

An experiment has been conducted in the laboratory to validate the
proposed method in classifying EEG signals to detect epilepsy with
three experimental scenarios. In the first scenario, two 3-class GBMs
were trained with and to classify EEG signals into three classes,
which are class 0, class 1, and class 2. In the second scenario, six 2-class
GBMs were trained with and to classify EEG signals into two
classes, which are class 0 and class 1, class 0 and class 2, and class 1 and

Fig. 5. The toy example for the proposed GBMs fusion.

class 0. In the last scenario, the proposed GBMs fusion was used to clas-
sify EEG signals into three classes. In first two scenarios, more than 700
experiments have been carried out to obtain the best classification per-
formance by combining some wavelet families and some decomposition
levels and 24,999 experiments in the last scenario. Furthermore, in the
first and the second scenarios, all GBMs were trained using the original
features and the selected features. On the other hand, in the last sce-
nario, the GBMs fusion was only used the selected features.

The experiment was performed on a high-end computer with speci-
fication 3.60 GHz Intel(R) Core (TM) i9-9900 K, 32 GB RAM, NVIDIA
GeForce GTX1080Ti GPU, and Ubuntu Linux 16.04.1 operating system.
The proposed method was implemented using Python language pro-
gramming with some Python libraries, including Numpy (Harris et al.,
2020), PyWavelets (Lee et al., 2019), DEAP (Fortin et al., 2012), and
Scikit-learn (Pedregosa et al., 2011). To ensure that the proposed
method can be used in the real clinical applications, the experiment was
also performed using a low-end computer with specification 1.40 GHz
Intel(R) Core (TM) i3-2367 M, 8 GB RAM, and Ubuntu Linux 16.04.1
operating system.

This study used 10-fold cross-validation to evaluate the perfor-
mance of the proposed method. The cross-validation worked by split-
ting the EEG dataset randomly into ten mutually exclusive subsets with
the same cardinality, such that all classes have the same proportion in
every subset. The training and testing processes were iteratively per-
formed ten times. Each subset was used as the testing data once and the
remaining subsets as the training data in each iteration (Alpaydin,
2014). For testing data, the accuracy of the proposed method
was measured using Eq. (20),

(20)

where is the number of EEG signal in testing data that cor-
rectly classified and is the cardinality of testing data. The perfor-
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mance of the proposed method was then obtained from the average of
for .

3. Results and discussion

3.1. Classification results of three classes GBM

The classification accuracies of 3-class GBM trained with and ,
which are and , are summarized in Table 3. As can be seen in
Table 3, the classification accuracy of was ranging from 98.67% to
99.67%, with an average of 96.69% when all features in were used
as input features. After applying feature selection, the classification ac-
curacy of increased up to 3.67% on the most (719/767) experi-

Table 3
The summary of 3-class GBM classification results
Classifier Features Number of experiments Accuracy (%)

Min Max Mean ± Std. dev.

Original 767 93.00 98.67 96.69 ± 0.88
Selected 767 94.67 99.67 97.84 ± 0.88
Original 768 92.67 98.00 95.39 ± 0.90
Selected 768 96.00 99.33 97.79 ± 0.58

Table 4
The best five of 3-class GBM classification results
Wavelet Original features Selected features

Family Level Number of
features

Accuracy
(%)

Number of
features

Accuracy
(%)

Classifier
sym5 6 49 98.33 21 99.67
sym5 8 63 97.00 32 99.67
coif4 4 35 97.33 17 99.33
bior5.5 5 42 97.33 22 99.33
rbio2.6 7 56 97.33 26 99.33

Classifier
bior3.3 6 245 96.67 109 99.33
db7 7 280 96.33 128 99.33
bior3.7 8 315 95.33 145 99.33
bior2.4 2 105 96.67 50 99.00
bior2.6 3 140 96.33 56 99.00

ments, ranging from 94.67% to 99.67% with an average of 97.84%. The
number of experiments in Table 3 came from the number of combina-
tions between the type of wavelet family and the decomposition level
applied in 3-class GBM. It can be observed from Table 3 that, on aver-
age, the classification accuracy of was slightly lower than . Be-
fore feature selection, the accuracy was ranging from 92.67% to
98.00% with an average of 95.39% and improved up to 6.00%, ranging
from 96.00% to 99.33% with an average of 97.79%, after applying fea-
ture selection on all experiments.

The best five of 3-class GBM classification results are tabulated in
Table 4. The highest classification accuracy of after feature selec-
tion, which is 99.67%, was obtained by applying Symlets 5 (sym5) with
the decomposition level of 6 and 8 on DWT, as shown in Table 4. How-
ever, sym5 with the decomposition level of 6 needed fewer selected fea-
tures (21 features) compared to sym5 with the decomposition level of 8
(32 features) to achieve the best accuracy. For , the highest accu-
racy of 99.33% was achieved after feature selection by applying
Biorthogonal 3.3 (bior3.3) with decomposition level of 6, Daubechies 7
(db7) with decomposition level of 7, and Biorthogonal 3.7 (bior3.7)
with decomposition level of 8 on DWT. It can be seen from Table 4 that
bior3.3, with the decomposition level of 6 needed fewer selected fea-
tures (109 features) compared to other wavelets to achieve the best ac-
curacy. These results indicate that increasing the decomposition level of
DWT does not guarantee to improve the classification accuracy of 3-
class GBM. The experimental results also showed that performing fre-
quency sub-band decomposition prior DWT to produce features set
does not always have an impact on improving the classification accu-
racy of 3-class GBM. Furthermore, more selected features were needed
from to achieve the best accuracy of 3-class GBM compared to .

For further analysis, confusion matrices were used to investigate
EEG signals that were misclassified by using sym5 wavelet with the
decomposition level of 6 and using bior3.3 wavelet with the de-
composition level of 6 after feature selection, as shown in Fig. 6. As can
be seen in Fig. 6(a), all EEG signals from class 0 and class 1 were cor-
rectly classified by . There was only one EEG signal from class 2
misclassified by as an EEG signal from class 0. On the other hand,
only EEG signals from class 1 were correctly classified by . There
were two EEG signals misclassified by , one from class 0 classified
as class 2 and conversely, as shown in Fig. 6(b). The misclassified sig-
nals from class 0 and class 2 came from file S016.txt and file F060.txt,
respectively.

Fig. 6. The confusion matrices for (a) using sym5 with the decomposition level of 6 and (b) using bior3.3 with the decomposition level of 6 after feature se-
lection.
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3.2. Classification result of two classes GBM

The classification accuracies of 2-class GBM trained with and ,
which are and , are summarized in Table 5.
The number of experiments in Table 5 came from the number of combi-
nations between the type of wavelet family and the decomposition level
applied in 2-class GBM. Before applying feature selection, on average
the classification accuracies of GMB trained with ( and ) were
lower than the classification accuracies of GMB trained with (
and ) for class 0 vs. class 1 and class 0 vs. class 2. On the other hand,
the classification accuracy of GMB trained with ( ) was better than
the classification accuracy of GMB trained with ( ) for class 1 vs.
class 2. However, before applying feature selection, achieved maxi-
mum accuracy of 100% for class 0 vs. class 1. After applying feature se-
lection, on average the classification accuracy of 2-class GMB improved
for all cases, as shown in Table 5. Furthermore, on average the classifi-
cation accuracies of GBM trained with were slightly better than the
classification accuracies of GMB trained with for all cases.

The best five of 2-class GBM classification results with smallest se-
lected features are tabulated in Table 6, Table 7, and Table 8. For class 0
vs. class 1, both and achieved the highest accuracy of 100% af-
ter feature selection. There were 418 experiments produced the accu-
racy of 100% for and 78 experiments for . As can be seen in
Table 6, the best accuracy of was achieved with the smallest se-
lected features of four using db24 with the decomposition level of 2 on
DWT, followed by five selected features using Coiflets 1 (coif1) with the

Table 5
The summary of 2-class GBM classification results
Classifier Features Number of experiments Accuracy (%)

Min Max Mean ± Std. dev

Original 783 92.00 100.00 99.28 ± 1.05
Selected 783 98.00 100.00 99.67 ± 0.40
Original 767 96.50 99.50 99.44 ± 0.23
Selected 767 98.00 100.00 99.52 ± 0.21
Original 767 93.50 99.00 96.47 ± 0.96
Selected 767 95.00 99.00 97.86 ± 0.76
Original 767 93.00 98.67 96.69 ± 0.88
Selected 767 94.67 99.67 97.84 ± 0.88
Original 781 91.50 99.50 96.27 ± 1.50
Selected 781 95.00 100.00 98.57 ± 0.89
Original 766 88.50 99.50 94.97 ± 1.61
Selected 766 94.50 100.00 98.25 ± 0.78

Table 6
The best five of 2-class GBM (class 0 vs. class 1) classification results
Wavelet Original features Selected features

Family Level Number of
features

Accuracy
(%)

Number of
features

Accuracy
(%)

Classifier
db24 2 21 100.00 4 100.00
coif1 1 14 99.00 5 100.00
bior3.3 1 14 99.00 7 100.00
bior3.9 1 14 99.00 7 100.00
db35 2 21 99.50 7 100.00

Classifier
rbio3.9 2 105 99.50 48 100.00
db13 2 105 99.50 50 100.00
sym15 2 105 99.50 51 100.00
coif7 3 140 99.50 64 100.00
db15 4 175 99.50 68 100.00

Table 7
The best five of 2-class GBM (class 0 vs. class 2) classification results
Wavelet Original features Selected features

Family Level Number of
features

Accuracy
(%)

Number of
features

Accuracy
(%)

Classifier
rbio1.1 1 14 97.00 5 99.00
rbio2.6 3 28 97.50 8 99.00
db1 2 21 97.00 9 99.00
sym10 3 28 96.50 9 99.00
bior1.1 3 28 96.50 10 99.00

Classifier
sym20 3 140 95.50 71 99.50
db27 1 70 96.00 31 99.00
db38 1 70 96.50 31 99.00
sym16 1 70 97.00 33 99.00
db32 1 70 97.00 40 99.00

Table 8
The best five of 2-class GBM (class 1 vs. class 2) classification results
Wavelet Original features Selected features

Family Level Number of
features

Accuracy
(%)

Number of
features

Accuracy
(%)

Classifier
db38 1 14 99.00 7 100.00
coif13 3 28 95.50 11 100.00
coif9 3 28 98.00 12 100.00
sym19 3 28 96.50 12 100.00
db24 4 35 95.00 13 100.00

Classifier
db37 1 70 97.00 37 100.00
db21 3 140 99.50 65 100.00
db17 5 210 95.00 102 100.00
db17 6 245 95.00 125 100.00
sym13 6 245 93.00 129 100.00

decomposition level of 1, and seven selected features using bior3.3 and
bior3.9 with the decomposition level of 1 and db35 with the decompo-
sition level of 2. For , the best accuracy was achieved with the small-
est selected features of 48 using rbio3.9 with the decomposition level of
2 on DWT, followed by 50 selected features using db13 with the decom-
position level of 2, 51 selected features using sym15 with the decompo-
sition level of 2, 64 selected features using coif7 with the decomposition
level of 3 and 68 selected features using db15 with the decomposition
level of 4.

For class 0 vs. class 2, achieved the highest accuracy of 99.00%
and achieved the highest accuracy of 99.50% after feature selection.
There were 49 experiments produced the accuracy of 99.00% for
and 47 experiments for . As can be seen in Table 7, the best accuracy
of was achieved with the smallest selected features of five using
rbio1.1 with the decomposition level of 1 on DWT, followed by eight se-
lected features using rbio2.6 with the decomposition level of 3, and
nine selected features using db1 with the decomposition level of 2 and
sym10 with the decomposition level of 3 and 10 selected features using
bior1.1 with the decomposition level of 3. For , the best accuracy
was achieved with 71 selected features using sym20 with the decompo-
sition level of 3 on DWT.

Fig. 7 shows the confusion matrices for using rbio1.1 with the
decomposition level of 1 and using sym20 with the decomposition
level of 3 after feature selection. As can be seen in Fig. 7(a), there were
one EEG signal from class 0 misclassified as an EEG signal from class 2
and one EEG signal from class 2 misclassified as an EEG signal from
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Fig. 7. The confusion matrices for (a) using rbio1.1 with the decomposition level of 1 and (b) using sym20 with the decomposition level of 3 after feature se-
lection.

class 0 by . The signals misclassified by were the same signals
that misclassified by 3-class GMB which are from file S016.txt and file
F060.txt. For , all EEG signals from class 2 were correctly classified,
but there was one EEG signals from class 0 misclassified by as an
EEG signals from class 2, as shown in Fig. 7(b). The signal misclassified
by was from file S096.txt.

For class 1 vs. class 2, both and also achieved the highest ac-
curacy of 100% after feature selection. There were 37 experiments pro-
duced the accuracy of 100% for and five experiments for . As
can be seen in Table 8, the best accuracy of was achieved with the
smallest selected features of seven using db38 with the decomposition
level of 1 on DWT, followed by 11 selected features using coif13 with
the decomposition level of 3, and 12 selected features using coif9 and
sym19 with the decomposition level of 3 and 13 selected features using
db24 with the decomposition level of 4. For , the best accuracy was
achieved with the smallest selected features of 37 using db37 with the
decomposition level of 1 on DWT, followed by 65 selected features us-
ing db23 with the decomposition level of 3, 102 selected features using
db17 with the decomposition level of 5, 125 selected features using
db17 with the decomposition level of 6 and 129 selected features using
sym13 with the decomposition level of 6. From Table 6, Table 7, and
Table 8, it can also be observed that the decomposition level of DWT
does not correlate with the classification accuracy of 2-class GBM as in
3-class GBM. Moreover, similar to 3-class GBM, 2-class GBM needed
more selected features from to achieve the best accuracy compared
to .

3.3. Statistical analysis for feature selection results

For further analysis, paired t-test with level of significant
(Walpole et al., 2012) was performed to show that the mean classifica-
tion accuracies of 3-class and 2 class GBMs using the selected features
and the original features are significantly different. The null and alter-
native hypotheses of the test are formulated as follow,

(21)

where is the mean of differences between the classification accu-
racies of GBM using the selected features and the original features. The
results of the paired t-test are tabulated in Table 9. The number of ex-
periments in Table 9 came from the number of combinations between

Table 9
The results of paired t-test for the mean of differences between the classifica-
tion accuracies of GBM using the original features and the selected features
Classifier Number of

experiments
Paired accuracy
differences

95% confidence interval for
mean difference

p-
value

Mean ± Std. dev.
(%)

Lower Upper

767 1.15 ± 0.71 1.10 1.20 0.00
768 2.40 ± 0.83 2.34 2.46 0.00
767 0.39 ± 1.01 0.32 0.46 0.00
767 0.08 ± 0.30 0.06 0.10 0.00
767 1.40 ± 0.87 1.33 1.46 0.00
767 2.10 ± 1.00 2.03 2.17 0.00
781 2.30 ± 1.68 2.18 2.41 0.00
766 3.28 ± 1.53 3.17 3.39 0.00

the type of wavelet family and the decomposition level applied in 3-
class GBM or 2-class GBM.

As can be seen in Table 9, all p-values of the test were less than 0.05.
This condition indicates that the hypothesis null, , should be re-
jected. Therefore, it can be concluded that the mean classification accu-
racies of GBMs using the selected features and the original features are
significantly different. From Table 9, it can also be seen that the mean
of paired accuracy differences for all 3-class and 2-class GBMs were
greater than zero, ranging from 0.08% to 3.28%, with standard devia-
tions ranging from 0.30% to 1.68%. In addition, all the lower and upper
bound of the 95% confidence intervals for mean difference were greater
than zero. These results indicate that all s are greater than zero for
all classifiers. Therefore, it can be inferred that feature selection using
genetic algorithm can improve the performance of GBM. Furthermore,
the experimental results show that genetic algorithm can reduce the
number of features up to 80.95% or 50.03% on average. In term of the
type of feature, on average statistical features were more selected com-
pared to crossing frequency features.

3.4. Classification result of GBMs fusion

The classification accuracies of GBMs fusion are summarized in
Table 10. The total number of experiments in Table 10 came from the
number of combinations between the type of wavelet family and the de-
composition level applied in all base classifiers. From 24,999 experi-
ments, GBMs fusion produced higher mean accuracy compared to a sin-
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Table 10
The summary of GBMs fusion classification results
Number of experiments Accuracy (%)

1996 100.00
11,845 99.67
10,863 99.33
287 99.00
8 98.67
Total: 24,999 Mean: 99.45

Std. dev: 0.22

gle 3-class GBM, which is 99.54% with standard deviation of 0.22%.
The maximum accuracy was 100.00%, achieved in 1996 experiments.
Furthermore, the remaining experiments produced classification accu-
racies of 99.67% in 11,845 experiments, 99.33% in 10,863 experi-
ments, 99.00% in 287 experiments, and 98.67% in 8 experiments.
These results indicate that GBMs fusion can improve the performance of
a single GBM in classifying EEG signals.

Some examples of GBMs fusion classification results with the best
accuracy of 100% are shown in Table 11. To achieve the accuracy of

100%, GBMs fusion employed five base classifiers, which are ,
, or , or , and or , as shown in Table 11. The exper-
imental results show that coif4 with the decomposition level of 4,
bior5.5 with the decomposition level of 5, sym5 with the decomposition
level of 6 and 8, and rbio2.6 with the decomposition level of 7 were
used on DWT by to obtain the best accuracy. On the other hand,

needed to use db7 with the decomposition level of 7 on DWT to ob-
tain the best accuracy. For 2-class base classifiers, the wavelet family
and the decomposition level used to obtain the best accuracy were vary-
ing but generally came from the combination of the wavelet family and
the decomposition level that produce the best accuracy in 2-class GBM,
as can be seen in Table 6, Table 7, and Table 8.

3.5. Comparison with existing methods

For comparison, the proposed GBM and GBMs fusion were also ap-
plied to classify EEG signals for the other various classification cases in
UoB dataset, and the results are tabulated in Table 12. The comparison
with some existing methods proposed in the previous research con-

Table 11
Some examples of GBMs fusion classification results that produce the best accuracy
Base classifier 1 Base classifier 2 Base classifier 3 Base classifier 4 Base classifier 5 Accuracy (%)

GBM model Wavelet GBM model Wavelet GBM model Wavelet GBM model Wavelet GBM model Wavelet

Family Level Family Level Family Level Family Level Family Level

coif4 4 db7 7 bior3.3 1 db27 1 db24 4 100.00
coif4 4 db7 7 bior3.9 1 db27 1 db24 4 100.00
coif4 4 db7 7 coif1 1 db38 1 db24 4 100.00
coif4 4 db7 7 bior3.3 1 db38 1 db24 4 100.00
coif4 4 db7 7 coif1 1 sym16 1 db24 4 100.00
coif4 4 db7 7 rbio3.9 2 rbio1.1 1 db24 4 100.00
bior5.5 5 db7 7 coif1 1 db27 1 db24 4 100.00
sym5 6 db7 7 coif1 1 db27 1 db37 1 100.00
rbio2.6 7 db7 7 coif1 1 db27 1 db24 4 100.00
sym5 8 db7 7 db15 4 bior1.1 3 db17 6 100.00

Table 12
The results of various classification cases for UoB dataset in some existing methods
Author Accuracy for each case* (%)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Martis et al. (2015) – – – – – – – – – – – – – 98.00 – –
Djemili et al. (2016) – – – 100.00 – – – – – 97.70 – – – –
Peker et al. (2016) – – – 100.00 – – – – – – – – 99.30 98.28 –
Zhang and Chen (2017) – – – 100.00 – – – – – 98.10 – – – 98.47 98.40 –
Hamad et al. (2017) – – – 100.00 – 99.58 99.47 99.23 – – – – – –
Li et al. (2017) – – – – – – – – – – – 98.87 – –
Acharya et al. (2018) – – – – – – – – – – – 88.67 – –
Saini and Dutta (2018) – – – – – – – – – – – 99.30 – –
Houssein et al. (2019) – – – 100.00 – – 100.00 – 99.80 99.23 – – – – – –
Kumar and Rao (2019) – – – – – – – – – – – – – 94.10 – –
Raghu et al. (2019) – – – 99.45 – 96.06 97.60 97.60 97.10 96.85 – – 96.50 –
Türk and Özerdem (2019) 95.50 96.50 100.00 99.50 99.00 100.00 100.00 85.71 98.50 98.50 – – – 99.00 – 93.60
Wang et al. (2019) – – – 100.00 100.00 98.40 98.10 100.00 98.10 93.20 – 96.50 –
Carvalho et al.(2020) – – – – – – – – – – – – – 98.60 – –
Goshvarpour and Goshvarpour

(2020)
– – – – – – – – – – – – – 98.30 – –

Zhang et al. (2020) – – – 99.52 – – 99.11 – 98.02 97.63 99.38 98.03 – 97.04 96.97 93.55
Sukriti et al. (2021) – – – 100.00 – – – 96.50 – – – 96.67 – –
Li and Chen (2021) – – – 100.00 – – 100.00 – 100.00 99.00 – – – 99.33 99.20 –
This study using GBM and – 100.00 100.00 100.00 100.00 100.00 100.00 – 100.00 100.00 – 100.00 99.67 99.40 92.19
This study using GBM and 100.00 – – – – – – 94.00 – 99.49 – 99.33 – 99.33 99.80 93.80
This study using GBMs fusion – – – – – – – – – – – – – 100.00 99.80 97.39

*) Cases 1: A-B, 2: A-C, 3: A-D, 4: A-E, 5: B-C, 6: B-D, 7: B-E, 8: C-D, 9: C-E, 10: D-E, 11: AB-E, 12: CD-E, 13: AB-CD, 14: A-D-E, 15: AB-CD-E, 16: A-B-C-D-E
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ducted during 2015 until 2021 are also provided in Table 12. All meth-
ods in Table 12 used EEG signals in UoB dataset. As can be seen in Table
12, the proposed method achieved 100% accuracy in almost all classifi-
cation cases, except C-D, D-E, CD-E, AB-CD-E, and A-B-C-D-E. However,
the proposed method outperformed the other existing methods pro-
posed in the previous research in C-D, D-E, CD-E, AB-CD-E, and A-B-C-
D-E cases. From Table 12, it can be also observed that although the
method proposed by Wang et al. (2019) used GBM to classify 3-class
EEG signals (AB-CD-E), its performance was bellow than GBM trained
with features and . This fact show that the features used in this
study are more discriminative compared to the features used by Wang
et al. (2019). Finally, all classification accuracies for three classes and
five classes from existing methods were lower than the classification ac-
curacy of GBMs fusion proposed in this study. Therefore, the proposed
GBMs fusion outperforms existing methods in classifying three and
more classes EEG signals.

Fig. 8 shows the receiver operating characteristic (ROC) curves of
GBM and GBMs fusion for various classification cases in UoB dataset to-
gether with its respective area under the curve. ROC curve has been
used to show the trade-off between hit rates and false alarm rates of
classifier in signal detecting theory. Currently, it is widely used in med-
ical decision-making to evaluate the performance of a diagnostic test.
In machine learning, this curve is used to depict the performance of bi-
nary classifier by calculating true positive rate and false positive rate in
the several values of threshold. For n-class task, ROC curve can be pro-
duced by performing vertical averaging on n ROC curves obtained by
splitting n-class classification problem into n binary classifiers one for
each class. The binary classifier is trained by assuming the class as
positive class and all remaining classes as negative class (Pedregosa et
al., 2011). Another way to compare classifier performance is by calcu-
lating the area under the ROC curve (AUC). The higher the AUC value,
the better the classifier performance (Fawcett, 2006). As shown in Fig.
8, all ROC curves closed to the upper-left corner for all classification
cases. Furthermore, almost all AUCs were equal to 1.0000 except C-D,
D-E, CD-E, AB-CD-E, and A-B-C-D-E cases. However, the AUCs of such
cases were higher than 0.97. These results indicate that the proposed
method produces high performance for all classification cases.

To compare the effectiveness of the feature extraction method and
the feature selection method used in this study, the proposed GBMs fu-

sion was also trained using the set of features extracted using matrix de-
terminant (Raghu et al., 2019) and successive decomposition index
(Raghu et al., 2020) for classifying 3-class EEG signals in UoB dataset.
The results of such comparison are tabulated in Table 13. As can be seen
in Table 13, the classification accuracies of GMBs fusion were 76.30%
and 75.30 by employing features extracted using matrix determinant
and successive decomposition index. This result shows that the feature
extraction method and the feature selection method used in this study
outperform matrix determinant and successive decomposition index.

The comparison between the proposed GBMs fusion and some exist-
ing machine learning classifiers, including k-NN, SVM, ANN, and LR,
for classifying 3-class EEG signals in UoB dataset was also performed in
this study. In the comparison, all classifiers were trained using the set of
features obtained by the same feature extraction method used in the
proposed GBMs fusion, which are features set and . Furthermore,
GA-based feature selection was also employed in all features sets before
inputted to all classifiers. The classification results of k-NN, SVM, ANN,
and LR are tabulated in Table 14. As can be seen from Table 14, almost
all classifiers achieved better performance when trained using feature
set , except k-NN. In addition, by employing fusion strategy as used
in the proposed GBMs fusion on all classifiers, the classification accu-
racy could be improved up to 99.30%. However, the classification accu-
racy of GMB outperformed k-NN, SVM, ANN, and LR both for single
classifier and fusion strategy.

3.6. Computational time

The computational time needed by the proposed method for signal
decomposition, feature extraction, feature selection, training process
and testing process were measured in this study. For comparison, an ex-
periment was also conducted on a low-end computer. The computa-
tional times for each step both on the high-end computer and the low-
end computer are tabulated in Table 15. On high-end computer, the
proposed method took 5.38 ms to decompose a signal, 53.95 ms to ex-
tract feature from the decomposed signal, 2.81–2535.33 s for feature
selection, 1930.89 ms for training process, and 0.03 ms for testing
process. On the other hand, the proposed method took 21.97 ms,
285.36 ms, 20.95–22423.30 s, 0,15 ms, respectively, when running on
the low-end computer.

Fig. 8. Receiver operating characteristic curves for two classes GBM and multi class GBMs fusion.
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Table 13
The classification accuracy of GBMs fusion trained with different features for
classifying 3-class EEG signals in UoB dataset
Feature extraction method Accuracy

(%)

Matrix determinant 76.30
Successive decomposition index 75.30
Frequency sub-band decomposition + DWT + statistical and crossing

frequency features + GA-based feature selection
100.00

Table 14
Expand
The results of 3-class EEG signals classification using some existing machine
learning classifiers
Classifiers Feature set Accuracy (%)

k-NN 98.67
k-NN 98.67
k-NNs fusion 99.30
SVM 97.67
SVM 93.67
SVMs fusion 99.00
ANN 98.30
ANN 97.00
ANNs fusion 99.30
LR 97.00
LR 95.30
LRs fusion 98.30
GBM 99.67
GBM 99.33
GBMs fusion 100.00

Table 15
The computational time needed by the proposed method
Step Computational time Percentage

increase (%)
On high-end
computer setup

On low-end
computer setup

Signal
decomposition

5.38 ms 21.97 ms 75.51

Feature
extraction

53.95 ms 285.36 ms 81.09

Feature selection 2.81–2535.33 s 20.95–22423.30 s 645.55–784.43
Training process 1930.89 ms 7135.63 ms 72.94
Testing process 0.03 ms 0.15 ms 80.00

From Table 15, it can be seen that the computational time for all
steps were increased between 72.94% and 784.43% when the proposed
method running on the low-end computer. However, once important
features have been selected and the classifier has been trained, the total
times needed to classify an EEG signal using the proposed method were
only 59.36 ms and 307.48 ms on the high-end computer and on the
low-end computer, respectively. This fact shows that the proposed
method can be used to develop an automated system for epilepsy detec-
tion in the real clinical application even on the low-end computer. Such
system can help neurologist to make a diagnosis and treatment for
someone with epilepsy as reported by Raghu et al. (2020).

3.7. Classification results on CHB-MIT dataset

The proposed method was also validated using EEG signals from
CHB-MIT dataset (Shoeb, 2009). The dataset was collected from 23 pe-
diatric subjects, ages 1.5–22 years, with seizure at the Children’s Hospi-
tal Boston. Each EEG signal in the dataset was recorded using the Inter-
national 10–20 system of EEG electrode positions and sampled at 256
samples per second with 16-bit resolution. Most subjects were recorded
in 23 channels and a few subjects were recorded in 24 or 26 channels.
Since the channels used by the subjects varied, therefore this study only

selected 18 channels that commonly used by all subjects for classifica-
tion. Such channels were F8-T8, F3-C3, T8-P8, P8-O2, T7-P7, FP1-F7,
F7-T7, FP2-F4, CZ-PZ, C3-P3, C4-P4, FZ-CZ, P7-O1, P3-O1, P4-O2, FP2-
F8, F4-C4, FP1-F3. Before classification, each EEG signal was parti-
tioned into three classes interictal (Int), preictal (Pre), and ictal (Ict) fol-
lowing the partitioning method used by Ryu and Joe (2021). Frequency
sub-band decomposition using FFT and DWT were applied to the EEG
signals from all selected channels. The statistical features and crossing
frequency features were then extracted from the output of DWT. The
important features were selected using GA based feature selection prior
to classification.

Some experiments have been performed on CHB-MIT dataset with
various wavelet families and decomposition levels. The best classifica-
tion accuracies of the proposed method in CHB-MIT dataset are tabu-
lated in Table 16. As can be seen in Table 16, GBM achieved the best ac-
curacy of 93.68% for interictal-preictal case after feature selection us-
ing features set and by applying bior1.1 with decomposition level of
5 on DWT. For interictal- ictal case, the best accuracy of 98,82% was
achieved after feature selection using features set and by applying
bior3.3 with decomposition level of 6 on DWT. For preictal-ictal case,
the best accuracy of 99.26% was achieved after feature selection using
features set and by applying coif3 with decomposition level of 4 on
DWT. The classification accuracy of the proposed method in interictal-
preictal case was the lowest when compared to other cases. This result
can occur since the EEG signals in interictal and preictal classes are very
similar. However, the performance of the proposed method in interic-
tal- preictal case is still better than one obtained by Ryu and Joe (2021),
which is 93.28%.

For three classes case, interictal-preictal-ictal, best accuracies of
94.06% and 94.56% were achieved by GBM after feature selection us-
ing features set and , and by applying db12 and bior1.5 with de-
composition level of 5 and 1 on DWT, respectively. Furthermore, the
classification accuracy of three classes case improved to 96.53% by ap-
plying GBMs fusion. These results agree with the classification results in
UoB dataset.However, the performance of the proposed method in
CHB-MIT dataset was lower than its performance in UoB dataset both
for 2-class and 3-class problems. Therefore, the performance of the pro-
posed method is highly dependent on the dataset used in the experi-
ment.

3.8. Limitations of the study

Although it has been validated that the proposed method achieves
high classification performance in epilepsy detection from EEG signals,
there are some limitations that need to be addressed in the future study.

Table 16
The classification accuracies of the proposed method in CHB-MIT dataset
Cases Classifier and

features set
Wavelet Original features Selected features

Family Level Number
of
features

Accuracy
(%)

Number
of
features

Accuracy
(%)

Int-
Pre

GBM and bior1.1 5 756 93.56 385 93.68

Int-
Ict

GBM and bior3.3 6 882 98.73 438 98.82

Pre-
Ict

GBM and coif3 4 630 99.26 320 99.26

Int-
Pre-
Ict

GBM and db12 5 756 93.46 394 94.06

Int-
Pre-
Ict

GBM and bior1.5 1 1260 94.56 635 94.56

Int-
Pre-
Ict

GBMs fusion – – – – – 96.53
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First, the proposed method was only implemented to classify EEG sig-
nals in a particular small-sized dataset. These results are only limited in
a certain dataset, which are UoB dataset and CHB-MIT dataset, and may
not be generalized to the other dataset. Second, the performance of the
proposed method is closely related to the wavelet families used in DWT.
Therefore, an investigation to determine the appropriate wavelet fami-
lies need to be performed in a various combination if the proposed
method will be applied to the other dataset.

4. Conclusion

In this study, a GBMs fusion was proposed to detect epilepsy from
EEG signal automatically. The proposed method achieved the perfect
performance with a classification accuracy of 100% in classifying 3-
class EEG signals, ictal-normal-interictal, in the dataset from the De-
partment of Epileptology University of Bonn. The GBMs fusion com-
bined the classification result from 3-class and 2-class GBMs. Each EEG
signal was processed using DFT and DWT prior to feature extraction.
Statistical features and crossing frequency features were extracted from
processed EEG signal. Genetic algorithm-based feature selection was
employed to find the most discriminative features and to improve the
classification performance. Overall, the experimental results show that
the proposed GBMs fusion can increase the classification of a single
GBM in classifying EEG signals. However, the performance of the pro-
posed method is limited to a particular small-sized dataset and may not
be generalized to the other dataset. For future work, the use of the fu-
sion of various wavelet bases in GMBs fusion in classifying EEG signal
needs to be investigated. Furthermore, some optimization methods can
be considered to optimize the hyperparameters of GBM in order to im-
prove the classification performance in classifying EEG signals.
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