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a b s t r a c t
Analysis of electroencephalogram (EEG) signal is crucial due to its non-stationary characteristics, which
could lead the way to proper detection method for the treatment of patients with neurological abnormalities, especially for epilepsy. The performance of EEG-based epileptic seizure detection relies largely on
the quality of selected features from an EEG data that characterize seizure activity. This paper presents a
novel analysis method for detecting epileptic seizure from EEG signal using Improved Correlation-based
Feature Selection method (ICFS) with Random Forest classiﬁer (RF). The analysis involves, ﬁrst applying
ICFS to select the most prominent features from the time domain, frequency domain, and entropy based
features. An ensemble of Random Forest (RF) classiﬁers is then learned on the selected set of features.
The experimental results demonstrate that the proposed method shows better performance compared to
the conventional Correlation-based method and also outperforms some other state-of-the-art methods of
epileptic seizure detection using the same benchmark EEG dataset.

1. Introduction
Epilepsy is one of the most common disorders of the nervous system and affects people of all ages, races and ethnic backgrounds. Epileptic seizures are characterized by an unpredictable
occurrence pattern and transient dysfunctions of the central nervous system, due to excessive and synchronous abnormal neuronal activity in the cortex [1]. This activity could include several
neurons of different locations and sizes. The clinical symptoms of
epileptic seizures might affect the motor, sensory, and automatic
functions of the body along with the consciousness, cognition, and
memory of the patient [2]. To diagnose epilepsy, EEG signal interpretation is considered as the most prominent testing tools due
to the fact that it is painless, low cost, and has eﬃcient temporal resolution of long-term monitoring [3]. However for long EEG
recording the visual interpretation becomes an expensive, intensive and tedious error-prone exercise and also result can vary from
different neurophysiologists in the same recording [4]. Thus, there
is an ever-increasing need for developing an effective method for
automatic seizure detection in order to prevent the possibility of
any missing information so as to give a proper diagnosis and possible treatment plan for epilepsy. There are several factors which
∗
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affect a classiﬁer’s behavior, such as the dimensionality of the feature space, the number of available patterns to learn from, imbalanced class labels and so on. However, to develop an eﬃcient
method, the main challenges are designing an appropriate feature
extraction method and selecting the most prominent features because the quality of feature set plays an important role on the classiﬁcation accuracy. An optimized feature selection using the gentle
adaboost algorithm was recently proposed by Peng et al. [5], which
also emphasizes on the quality of the features.
In this study we have developed a method to detect seizure
from EEG signal using improved correlation based feature selection (ICFS) method which outperforms the conventional correlation
based feature selection (CFS) methods. Our study shows that, ICFS
requires on average three fewer features than the conventional CFS
method. The Random Forest (RF) classiﬁer is used in this study for
detecting the seizure. The contributions and novelties of the proposed method are,
(i) Extracting the most prominent features from time domain, frequency domain, and entropy based features.
(ii) Developing an Improved Correlation based Feature Selection
(ICFS) method for selecting the most distinguishing features.
(iii) Classifying the output by applying random forest classiﬁer
based on ICFS.
(iv) Analyzing the performance of both conventional CFS and ICFS
method.
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The rest of this paper is organized as follows. Section 2 discusses the review of prior work related to the different feature extraction and classiﬁcation methods. The details of the EEG processing pipeline for our approach and its components are described in
Section 3. In Section 4 the evaluation procedure and the experimental results are presented and concluded in Section 5.
2. Related work
Signiﬁcant research has been done to detect the epileptic
seizure from EEG signal. M. Z. Parvez et al. [6] proposed a generic
seizure detection approaches for feature extraction of ictal and interictal signals using various established transformations and decompositions and least square support vector machine was applied
on the features for classiﬁcations. They concluded that high frequency components of EEG signals contains the most prominent
characteristics.
Rodriguez-Lujan et al. [7] proposed a feature selection method
based on Quadratic Programming Feature Selection (QPFS). To minimize the computational complexity of the QPFS method, authors
used the Nystrom method for approximate matrix diagonalization. In case of QPFS and our proposed ICFS, both methods used
the conventional CFS for similarity measurement. However, there
is some signiﬁcant difference between these two methods. QPFS
computed mutual information using principle component analysis
while our proposed method simply analyzed the statistical measurement by calculating standard deviation with two-boundary
threshold. QPFS introduced an objective function with quadratic
and liner terms. Thus solving a quadratic programming problem
can have high time and space complexity when large data sets are
involved.
Song et al. [8] proposed a new Mahalanobis-similarity-based
(MS) feature extraction method on the basis of the Mahalanobis
distance and discrete wavelet transformation (DWT). In order
to further improvement, the authors designed a fusion feature
(MS-SE-FF) in the feature-fusion level, where the Mahalanobissimilarity-based feature characterizing the similarity between signals and the sample-entropy-based (SE) feature characterizing the
complexity of signals are combined together.
Kumar et al. [9] applied DWT based fuzzy approximate entropy
(fApEn) and support vector machine. The authors observed that the
quantitative value of fuzzy approximate entropy drops during the
ictal period which proves that the epileptic EEG signal is more ordered than the EEG signal of a normal subject. From all the data
sets the fApEn values of different sub-bands are used to form feature vectors and these vectors are used as inputs to classiﬁers.
They compared the classiﬁcation accuracies between radial basis
function based support vector machine (SVMRBF) and linear basis
function based support vector machine (SVML).
Shen et al. [10] introduced an approach based on a cascade of
wavelet-approximate entropy for the feature extraction in the EEG
signal classiﬁcation. They tested three existing methods, SVM, knearest neighbor (k-NN), and radial basis function neural network
(RBFNN), and determined the classiﬁer of best performance. In
[11], the authors developed an eﬃcient feature extraction method
based on Hjorths mobility to reduce computational complexity
while maintaining high detection accuracy. They proposed a new
feature extraction method by computing the spectral power of
Hjorths mobility components, which were effectively estimated by
differentiating EEG signals in real-time. They suggested that the
spectral features of Hjorths mobility components in EEG signals
can represent seizure activity and may pave the way for developing a fast and reliable epileptic seizure detection method.
Tawﬁk et al. [12] introduced a new hybrid automated seizure
detection model that integrates Weighted Permutation Entropy
(WPE) and a SVM classiﬁer model to enhance the sensitivity and
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precision of the detection process. They proposed that entropy
based measures for the EEG segments during epileptic seizure
are lower than in normal EEG. In [13], the authors proposed a
combined method to classify normal and epileptic seizure EEG
signals using wavelet transform (WT), phase-space reconstruction
(PSR), and Euclidean distance (ED) based on a neural network with
weighted fuzzy membership functions (NEWFM).
Classiﬁcation of epileptic seizures in EEG signals based on phase
space representation (PSRs) of intrinsic mode functions was proposed in [14]. In their work, ﬁrstly the EEG signals were decomposed using empirical mode decomposition (EMD) and then phase
space were reconstructed for obtained intrinsic mode functions
(IMFs). Two-dimensional (2D) and three-dimensional (3D) PSRs
were used for the purpose of classiﬁcation of epileptic seizure and
seizure-free EEG signals.
Wang et al. [15] proposed a novel cost-effective active learning framework incorporate with the deep convolutional neural networks, which is capable of building a competitive classiﬁer with
optimal feature representation where the sample was selected via
cost effective manner.
Bandarabadi et al. [16] proposed a method for epileptic seizure
prediction using relative spectral power features. The relative combinations of sub-band spectral powers of EEG recordings across all
possible channel pairs were utilized for tracking gradual changes
preceding seizures. They used a speciﬁcally developed feature selection method and then a set of best candidate features were fed
to support vector machines in order to discriminate cerebral state
as preictal or non-preictal.
The aforementioned methods either use frequency domain or
entropy based features to detect the abnormality in EEG signal. In
this study we used time domain, frequency domain and entropy
based features and selected the minimum features using our proposed ICFS method. In the following section we describe our proposed method in details.
3. Proposed method
In this work, EEG data sets are analyzed by DWT to decompose
the signal in order to extract ﬁve physiological EEG bands, delta
(0–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and
gamma (30–60 Hz), using four levels with fourth-order Daubechies
(db4). Then features were extracted from both wavelet decomposed and raw EEG data. All the extracted features were input to
the improved correlation based feature selection (ICFS) step and
then the most prominent features were selected to form the feature vector. This feature vector is used as input to the RF classiﬁer
for classifying the EEG signal as normal or seizure. The block diagram of the proposed approach is shown in Fig. 1.
3.1. Dataset
The EEG database used in this study is developed by the Department of Epileptology, University of Bonn, Germany [17]. The
whole database consists of ﬁve EEG data sets (denoted as Set A–
Set E). Each data set contains 100 single-channels and the duration of each channel is 23.6 s. There are 4097 data points in each
channel. Visual inspection for artifacts, such as causes of muscle
activities or eye movements was done before choosing each signal. Using an average common reference, all EEG recordings were
made with the same 128-channel ampliﬁer system. The recoded
data was digitized at 173.61 data points per second using 12-bit
resolution where the band-pass ﬁlter settings were 0.5340 Hz (12
dB / oct). Set A and Set B were collected from surface EEG recordings of ﬁve healthy volunteers with eyes open and eyes closed, respectively. Sets C, D and E were collected from the EEG records
of the pre-surgical diagnosis of ﬁve epileptic patients. Signals in
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Table 1
Summary of the epileptic EEG data of ﬁve subjects each.

Subjects
Patients state
Electrode type
Electrode placement
Number of channels
Time duration (s)

Set A

Set B

Set C

Set D

Set E

Healthy
Awake and eyes open
(normal)
Surface
International 1020
system
100
23.6

Healthy
Awake and eyes closed
(normal)
Surface
International 1020
system
100
23.6

Epileptic
Seizure-free (interictal)

Epileptic
Seizure-free (interictal)

Epileptic
Seizure activity (ictal)

Intracranial
Opposite to
epileptogenic zone
100
23.6

Intracranial
Within epileptogenic
zone
100
23.6

Intracranial
Within epileptogenic
zone
100
23.6

maximum (Xmax ), skewness (Xsks ), standard deviation (Xstd ), kurtosis (Xkur ), ﬁrst quartile (Q1 ), third quartile (Q3 ) and interquartile
range (Qir ).
The second group consists of two Hjorth parameters: mobility
(Hmob ) and complexity (Hcom ).
The third group consists of nonlinear features and the extracted
features are Hurst exponent (Hurstexp ) and the detrended ﬂuctuation analysis (Dﬂuc ) consecutively.
3.2.2. Frequency domain features
EEG signal has non-stationary and transient characteristics.
Thus, using only time domain feature is not enough to diagnosis.
Moreover, frequency is one of the top fundamental characteristic
of the EEG signal. When EEG waveform has a stable frequency, it
is known as rhythmic [20]. The ﬁve basic frequency rhythms are
Delta, theta, alpha, beta, and gamma. These rhythms are often related to various brain states, functions, or pathologies. In this paper
we use DWT to extract the rhythms as explained below.

Fig. 1. The block diagram of proposed approach.

Set C and Set D were recorded in seizure-free intervals from ﬁve
epileptic patients from the hippocampal formation of the opposite
hemisphere of the brain and from within the epileptogenic zone,
respectively. Set E contains the EEG records of ﬁve epileptic patients during seizure activity. A summary description of the ﬁve
set EEG data shown in Table 1. Some examples of ﬁve EEG signals
(Set A–Set E) are depicted in Fig. 2.
3.2. Feature extraction
The feature extraction process is a crucial step in processing
non-stationary EEG signals because it reduces the space dimension
and improves the accuracy of the classiﬁcation process. We classify
the features into three separate categories: (1) time domain features; (2) frequency domain features; and (3) entropy-based features. These features are described in the following subsections.
3.2.1. Time domain features
We extracted a total of ﬁfteen time-domain features (divided
into three groups) based on various studies [18,19]. The ﬁrst group
consists of descriptive statistical features and the extracted features
are mean (Xmean ), median (Xmed ), mode (Xmean ), minimum (Xmin ),

Discrete wavelet transform
As EEG signal is non-stationary and having transient characteristics so applying the Fourier transform directly is not suitable
for processing any time-frequency information since they cannot
be analyzed simultaneously. In order to overcome this disadvantage, Wavelet transforms (WT) are extensively applied in many engineering areas for explaining a variety of real-life problems. By
using WT, most of the physiological signals having irregular patterns like impulses which are occurring at various points in the
signals are generally analyzed. It can represent EEG sub bands
as a weighted sum of shifted and scaled versions of the original wavelet, without any loss of information and energy. In this
study, a discrete wavelet transform (DWT) was utilized to facilitate eﬃcient time-frequency analysis. The DWT decomposes nonstationary signals at different frequency intervals with various resolutions. For a given wavelet function ψ (t) that can be scaleshifted by the scaling parameter a j = 2 j and the translation parameter b j,k = 2 j k. The DWT of signal can be deﬁned as,

DW T ( j, k ) =

1

 
2 j 



∞

−∞



x(t )ψ



t − 2 jk
dt
2j

(1)

In the ﬁrst step of the DWT, the signal is simultaneously passed
through a low-pass (LP) and high-pass (HP) ﬁlters with the cutoff frequency being one fourth of the sampling frequency and the
outputs are referred to as approximation (A1) and detail (D1) coeﬃcients of the ﬁrst level, respectively. The output signals with
frequency bandwidth equal to half of the original signal can be
down-sampled by a factor of two according to the Nyquist rule.
The same procedure can be repeated for the ﬁrst level approximation and the detail coeﬃcients to get the next level coeﬃcients. At
each step of this decomposition procedure, the frequency resolution is doubled through ﬁltering and the time resolution is halved
through down sampling. In this study, to extract ﬁve physiological EEG bands, delta (0–4 Hz), theta (4–8 Hz), alpha (8–13 Hz),
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Fig. 2. Example of ﬁve different sets of EEG signals taken from different subjects.

Table 2
Frequency band of EEG signal using 4th level decomposition.
Band name

Frequency band(Hz)

Sub-band signal

Decomposition level

Gamma
Beta
Alpha
Theta
Delta

30–60
15–30
8–13
4–8
0–4

D1
D2
D3
D4
A4

1
2
3
4
4

Table 3
Description of the extracted features from decomposed signals.
No

Extracted features in each sub-band

1
2
3
4

Maximum of the wavelet coeﬃcients (Wmax )
Minimum of the wavelet coeﬃcients (Wmin )
Mean of the wavelet coeﬃcients (Wmean )
Standard deviation of the wavelet coeﬃcients (Wstd )

beta (13–30 Hz), and gamma (30–60 Hz), four levels DWT with
fourth-order Daubechies (db4) wavelet function were used. Since
our dataset is in range of 0–60 Hz, coeﬃcients D1, D2, D3, D4 and
A4 were extracted corresponding to 30–60 Hz, 15–30 Hz, 8–15 Hz,
4–8 Hz and 0–4 Hz, respectively. Table 2 shows the frequencies
corresponding to different levels of wavelet decomposition for the
EEG signals with a 173.6 Hz sampling rate. Fig. 3 shows the sample of these sub-band signal from set E and set A, respectively. The
DWT features are extracted from (D1, D2, D3, D4 and A4) for each
and every channel. The next subsection describe about the DWT
features.

Discrete wavelet-based features
The extracted features, shown in Table 3 were used to represent
the frequency distribution of the wavelet coeﬃcients of the EEG
signals. These features were calculated for the decomposed signals,
shown in Table 2. Therefore total 5 × 4 values generated for each
and every channel (here the number of coeﬃcient and features are
5 and 4, respectively).

3.2.3. Entropy-based features
We used two entropy based features in this study, namely Sample entropy (SmpE) and Shannon entropy (SE). SmpE is given by
the formula,



A (k )
SmpE (k, r, N ) = ln
B (k − 1 )



(2)

where B(0 ) = N, the length of the input series, k is the embedding
dimension, r is the scale or tolerance parameter (typically 0.2 ×
std).
The Shannon entropy equation provides a way to estimate the
average minimum number of bits needed to encode a string of
symbols, based on the frequency of the symbols as follows,

SE = −



s2i log2 (si )2

(3)

i

where s is the signal and (si )i the coeﬃcients of s in an orthonormal basis. In this study SmpE value is calculated directly from EEG
data while SE value is calculated from DWT coeﬃcients (for each
and every sub-band).
3.3. Feature selection
Feature selection is a very important task in machine learning where it selects the best set of features from all the available features. This paper presents a new approach to feature selection, called ICFS (Improved Correlation-based Feature Selection)
that uses a correlation based heuristic to evaluate the utility of selected features. This algorithm is simple, fast to execute and extends easily to continuous class problems by applying suitable correlation measures. The following subsections describe both CFS and
our proposed ICFS method.
3.3.1. Correlation-based feature selection (CFS)
CFS is a feature ﬁltering method and is used to ﬁnd the subset
of features, which is potentially most relevant to the given classiﬁcation task. The main part of the CFS algorithm is a heuristic for
evaluating the utility or merit of a subset of features, as provided
in Eq. 4. This heuristic shows the usefulness of individual features
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Fig. 3. Approximation and detail coeﬃcients taken from set E (left side) and set A (right side).

for predicting the class label along with the level of intercorrelation among them.

MeritS =



krc¯ f
k + k(k − 1 )r ¯f f

(4)

where Merits is the heuristic “merit” of a feature subset S containing k features, rc¯f is the average feature class correlation, and r f¯f is
the average feature-feature intercorrelation. The heuristic aims to
remove irrelevant and redundant features as they will be poor predictors of the class. In order to apply Eq. 4, it is necessary to compute the correlation between features. First of all CFS discretizes
numeric features using the technique of Fayyad and Irani [21] and
then uses symmetrical uncertainty (SU) to estimate the degree of
association between discrete features. Eqs. (5) and (6) give the entropy of Y before and after observing X where X and Y are discrete
random variables.

H (Y ) = −



p(y ) log2 p(y )

(5)

y∈Y

H (Y |X ) = −


x∈X

p( x )



p(y|x ) log2 p(y|x )

(6)

y∈Y

Information gain is the amount by which the entropy of Y decreases reﬂects the additional information about Y provided by X
[22]. Information gain is given by,

Gain = H (Y ) − H (Y |X ) = H (X ) − H (X |Y )
= H (Y ) + H (X ) − H (X, Y )

(7)

However, information gain is biased in favor of features with more
values, that is, features with greater numbers of values will appear to gain more information than those with fewer values even if
they are actually no more informative. Moreover the correlations in
Eq. (4) should be normalized to ensure they are comparable
and have the same effect. Thus the symmetrical uncertainty (SU)
[23] compensates for information gain’s bias toward attributes
with more values and normalizes its value to the range of [0, 1]:

SU = 2.0 ×

Gain
H (Y ) + H (X )

(8)

First of all CFS calculates a matrix of feature-class and featurefeature correlations from the training data and then searches the
feature subset space using various heuristic search strategies. We
used a best ﬁrst search technique. This search starts with an empty
set of features and generates all possible single feature expansions.
The subset with the maximum evaluation is chosen and expanded
in the same manner by adding single features. If expanding the
subset results in no improvement, then the search drops back to
the next best unexpanded subset and continues from there. The
best ﬁrst search can explore the entire feature subset space as time
goes, so it is common to limit the number of subsets expanded
that result in no improvement. After terminating the search, the
best subset found is returned. In this paper the stopping criterion
of CFS is ﬁve consecutive fully expanded non-improving subsets.

3.3.2. Improved correlation-based Feature selection (ICFS)
Feature selection methods should eliminate as much features
as possible. Our main objective is to improve the performance
of conventional CFS method and select the minimum number of
features from a large feature space. We assume that statistical
measurements such as standard deviation (SD) can play an important role in feature selection because a low standard deviation
indicates that the data points tend to be close to the mean of the
set, while a high standard deviation indicates that the data points
are spread out over a wider range of values. Considering this fact
our intention is to apply this technique in conventional CFS and
modify algorithm in such a way that the performance will be
optimized. To establish our assumption, we ﬁrst calculated the SD
value for each feature and checked the distribution of the data
points in the feature. We found two types of distribution: for one
case the points are largely distributed in one area while in the
other case the points are distributed closer to the SD value area.
Fig. 4 shows the distribution for the different features. We can
see that Wmed2 , Wmed3 , Wmed4 and Wmean3 demonstrate the second
type of distribution and all other features show the ﬁrst type of
distribution. From the performance analysis using except type one
and except type two features, we discovered that except type two
performed better. This implies that the data points with more variations have more important aspect for classiﬁcation. Fig. 5 shows
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Fig. 4. The visualization of standard deviation of different features after conventional CFS (case 5, red color is for epileptic data while blue is for non-epileptic). (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 5. The visualization of standard deviation of different features after conventional ICFS (case 5, red color is for epileptic data while blue is for non-epileptic). (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

the distribution after removing type two distributions of features.
We described the ICFS algorithm in the following paragraph (The
algorithm of ICFS method is showed in Algorithm 1).
In ICFS, we ﬁrst calculate a matrix of feature-class and featurefeature correlations from the training data and then search the
feature subset space using best ﬁrst search. The subset with the

maximum evaluation is chosen and expanded in the same manner
as CFS by adding single features. If no improvement in expanding a subset results, the search drops back to the next best unexpanded subset and continues from there. After ﬁve consecutive
non-improving subsets, the search is terminated and the best subset is returned. Then ϕ (see Eq. (8)) value is calculated for each
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Algorithm 1 ICFS algorithm.

Algorithm 2 T h_value selection algorithm.

Input: EEG signal
Output: Classiﬁed output
Decompose the original signal: four levels DWT with
fourth-order Daubechies (db4)
Extract both time domain and frequency domain features to
form a feature vector
Calculates a matrix of feature class and feature-feature
correlations from the training data using Eq. 4. The features are
ranked in descending order based on their SU values
Let, OP EN list contain start sat e, C LOSED list is empty, and
BEST ← start state
while OP EN is not empty do
i. Let, s = arg max(e(x )) (get the state from OPEN with the
highest evaluation)
ii. Remove s from OP EN and add to CLOSED.
if e(s ) ≥ (BEST ) then
BEST ← s
end if
iii. For each child t of s that is not in the OP E N or CLOSE D list,
evaluate and add to OP EN
if BEST changed in the last set of expansions, then
go to step i
end if
iv. return BEST
end while
Calculate the ϕ value from the Eq. 6 for each BEST value and
put in the F eatures list
call the T h_value selection Algorithm to get the T h_value1,
T h_value2


for i = 1 to N (where N is the number of features from BEST
list) do
if T h_value1 ≤ F eatures[i] ≤ T h_value2, then
remove F eatures[i] from the feature vector
end if
end for
Fed these selected Features to the RF classi f ier

Input: List of features with ϕ value
Output: T h_value1, T h_value2
for i = 1 to n (where n is the number of features from BEST list)
do
if more than 80% of data points have the value closed to ϕ
value then
select ϕ and put this value to a list[].
end if
end for
Find the minimum and maximum value from the list[].
T h_value1= minimum, T h_value2= maximum.
return T h_value1, T h_value2

and every selected feature.

ϕ=

N
1 
( Ai − μ )2
N−1

(9)

where N is the number of data channel and A represents the value
of selected attribute and μ is the mean value of all selected attributes which is calculated by following equation
N
1
Ai
N

3.5. Cross-validation design
The choices of dividing the data into training and test sets have
many options [25]. In order to reduce the bias of training and test
data, this study proposes employing k-fold cross-validation technique considering k = 10. This k-fold technique is implemented
to create the training set and testing set for evaluation. Generally,
with k-fold cross validation the feature vector set is divided into k
subsets of equal size. Of the k subsets, a single subset is retained
as the validation data for testing the model, and the remaining
(k-1) subsets are used as training data. The cross-validation process is then repeated k times (the folds), with each of the k subsets used exactly once as the validation data. Then, the average accuracy across all k trials is computed for consideration.
3.6. Performance measurements

i=1

μ=

sists of a collection or ensemble of simple tree predictors where
each tree is capable of producing a response when presented with
a set of predictor values. Furthermore to constructing each tree
using a different bootstrap sample of the data, random forests
change how the classiﬁcation or regression trees are constructed.
In case of standard trees, each node is split using the best split
among all variables while in a random forest, each node is split
using the best among a subset of predictors randomly chosen at
that node. This strategy turns out to perform very well compared
to many other classiﬁers, including discriminant analysis, support
vector machines and neural networks, and is robust against overﬁtting [24].

(10)

i=1

After calculating the ϕ value for each selected features, two threshold values have been deﬁned as T h_value1 and T h_value2. The
threshold selection method is shown in Algorithm 2. Here we compared the each data points with the ϕ value to see whether the
data points were closer to the ϕ value. If 80% of data points have
nearest value of ϕ then we selected that ϕ value. In this way, we
checked all the features and ﬁnally calculated the minimum and
maximum ϕ value. We assigned the value as T h_value1= minimum and T h_value2= maximum. All the ϕ values presented between these two thresholds were removed from the feature vector.
3.4. Classiﬁcation
The Random Forest (RF) classiﬁer proposed by L. Breiman
[24] added an additional layer of randomness to bagging. RF con-

This paper assesses the performance of the proposed classiﬁers using criteria that are usually used in biomedical research
such as sensitivity (proportion of the correctly classiﬁed ictal EEGs
out of the total number of labeled ictal EEGs), speciﬁcity (proportion of the correctly classiﬁed inter-ictal EEGs out of the total number of labeled inter-ictal EEGs) and classiﬁcation accuracy (proportion of the correctly classiﬁed EEGs out of the total number of
EEGs). These criteria allow estimating the behavior of the classiﬁers on the extracted feature set. The deﬁnitions of these parameters are as follows:

SEN =

TP
× 100%
TP + FN

(11)

SP E =

TN
× 100%
TN + FP

(12)

CA =

TP + TN
× 100%
TP + FN + TN + FP

(13)

where, TP= True Positive, FN= False Negative, TN= True Negative,
FP= False Positive, SEN= Sensitivity, SPE= Speciﬁcity, CA= Classiﬁcation Accuracy.
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Fig. 6. Standard deviation for each case after conventional CFS.
Table 4
Different cases for classiﬁcation.

Table 5
Performance of the random forest classiﬁer on the ICFS scheme.

Case

Class 1

Class 2

Case

Sensitivity (%)

Speciﬁcity (%)

Classiﬁcation
accuracy(CA) (%)

1
2
3
4
5
6
7
8

A
B
C
D
ACD
BCD
CD
ABCD

E
E
E
E
E
E
E
E

1
2
3
4
5
6
7
8

100
98.0
99.0
98.5
98.5
97.5
98.7
97.4

100
98.0
99.0
98.5
98.5
97.5
98.7
97.5

100
98.0
99.0
98.5
98.5
97.5
98.67
97.4

4. Experimental results and discussion
4.1. Results
All the 500 channels of EEG data sets are decomposed into
different sub-bands using DWT of level four with fourth-order
Daubechies (db4). The frequency ranges of these sub-bands are
shown in Table 2. Approximation and detail coeﬃcients of the
sample EEG channel taken from data sets A and E are shown in
Fig. 3. The wavelet features that are shown in Table 3 have been
extracted from D1, D2, D3, D4 and A4. The ﬁfteen time domain
features are extracted from the raw EEG data channel. Sample entropy value is calculated directly from the raw EEG data while
shannon entropy value is calculated from the ﬁve DWT coeﬃcients
(Table 2). After extracting the features, total eight cases have been
considered which is showed in Table 4.
For each and every case we have applied ICFS and got the feature vector for classiﬁcation. In this study the value of T h_value1
and T h_value2 were calculated according to the Algorithm 2. This
algorithm ﬁrst calculated all the standard deviation and then
checked the data point. If all the data points situated close to the
SD value then we discarded the feature from the feature set. This
way we calculated the threshold value. It was observed that the
value situated between .5 and 100, showed the above criteria. So
we assigned the T h_value1 as .5 and T h_value2 as 100. For selecting these two values, we consider to remove only those features
that would not lower the accuracy compare to conventional CFS
method. Fig. 6 shows the SD value of all cases with the selected
features after conventional CFS and Fig. 7 shows the SD value of
all cases after our proposed ICFS method. We can see that the values present between the thresholds are discarded in Fig. 7. The
comparison between proposed method and the conventional CFS is
shown in Fig. 8. It is clearly observed that for each and every case
the number of features is less than the conventional CFS method.
We observed that the lowest number of features were selected for

Average CA(%)

98.45

Table 6
The selected features from the case 4 and 5.
Case 4

Case 5

Q3 , Qir , Xstd , Hmob ,
Dﬂuc , Wstd3 , WSE3 , WSE4

Xstd , Hmob , Dﬂuc , Wstd3 ,
WSE4

Case 5 and 8. After the ICFS step, the selected feature vector is
then fed to the RF classiﬁer where the number of trees to be generated is 100 and the random number seed is 1. Fig. 9 shows the
accuracy comparison between ICFS and CFS. For cases 4, 5 and 7,
ICFS provides better performance with minimum features as 8, 5
and 8, respectively. Table 6 shows the selected features from the
case 4 and 5. The performance of the ICFS method for all cases
is shown in Table 5. It has been observed that case 1 shows the
maximum result while case 8 shows the minimum among all the
cases. This happens because for case 1, the data is either healthy
or epileptic (set A vs set E) while on the other hand for case 8,
the data consists of various classes (Table 1) from set A to set D
and another data contains seizure activity (set E). The average accuracy of the proposed method is 98.45% (Table 5). The following
subsection discusses the accuracy comparison with other existing
methods.
4.2. Comparison with existing state-of-the-art work
Table 7 shows the comparison between this method and other
recent methods ([9], [12], [26–29]).
Case 1 shows the best classiﬁcation accuracy estimated from
this work as 100%. The similar result is also presented in Y. Kumar
et al. [9] work, which was achieved from the Fuzzy approximate
entropy with SVM classiﬁer.
In cases 2 - 4, this work obtains the classiﬁcation accuracies of
98%, 99.0% and 98.5%, which are the best compared to the work of
[27] and [12] where they reported the accuracy as 82.8%, 88.0%,
79.94% (using permutation entropy with SVM), and 85%, 93.5%,
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Fig. 7. Standard deviation for each case after ICFS.
Table 7
comparison between our proposed method and other recent methods.
Authors

Methods

Cases

Accuracy(%)

Ubeyli [31]
Guo et al.[30]

LS-SVM model-based method coeﬃcients
Multiwavelet transform - approximate entropy feature-MLPNN

Wang et al. [29]
Guo et al. [28]
Nicolaou et al. [26]

Wavelet packet entropy - hierarchical EEG classiﬁcation
GP-based feature extraction - KNN classiﬁer
Permutation entropy and SVM

Yatindra Kumar [9]

Fuzzy approximate entropy and SVM

Noha S. Tawﬁk [12]

Weighted Permutation Entropy (WPE) and a SVM

T. S. Kumar [27]
Proposed model

Gabor ﬁlter and K-nearest neighbor
Improved Correlation Feature selection and Random forest classiﬁer

A-E
A-E
ABCD-E
A-E
A-E
A-E
B-E
C-E
D-E
A-E
B-E
C-E
D-E
ACD-E
BCD-E
ABCD-E
A-E
B-E
C-E
D-E
CD-E
A-E
B-E
C-E
D-E
ACD-E
BCD-E
CD-E
ABCD-E

99.56
99.85
98.27
99.44
99.2
93.55
82.88
88.0
79.94
100
100
99.6
95.85
98.15
98.22
97.38
98.5
85.0
93.5
96.5
98.3
100
98.0
99.0
98.5
98.5
97.5
98.67
97.4

Fig. 8. Number of features in ICFS vs CFS.

Fig. 9. Accuracy comparison between ICFS and CFS.

96.5% (using Weighted Permutation Entropy with SVM), respectively. It was observed that case 4 showed the maximum result
among the other state-of-the-art work. However, results of cases
2 and 3 were 2% and 0.6% less than the corresponding cases in

[9] due to the combination of Fuzzy approximate entropy with
SVM classiﬁer.
In case 5, the accuracy achieved from this work is 98.5% which
is best compared to [9], where their result showed the accuracy of
98.15% by using SVM classiﬁer.
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In case 6, the classiﬁcation accuracy obtained from the proposed method is 97.5% which is 0.72% less than [9] work due to
the Fuzzy approximate entropy with SVM classiﬁer.
In case 7, the classiﬁcation accuracy obtained in this work is
98.67% which is the best presented for this data set. The result
also presented in Kumar et al. [28] used Gabor ﬁlter with K-nearest
neighbor classiﬁer to achieve a 98.3% accuracy.
In case 8, the classiﬁcation accuracy achieved from this study is
97.4% which is better than that presented in [9] (97.38%). However,
the result is 0.87% less than that presented in [30] which used approximate entropy based feature with multi-wavelet transform.
5. Conclusion
Accurate and perfect detection of epileptic seizure from EEG
signals is one of the complex problems which depend on the features quality. The main contribution of this paper lies on developing an automatic, eﬃcient and scalable ICFS based algorithm
to detect the unpredictable occurrence of epileptic seizures in a
reasonable time. In this work both time and frequency domain
features are used to fed the proposed ICFS method which select
the most prominent features for automatic seizure detection using
random forest classiﬁer. We have compared the both conventional
CFS method and our proposed method and showed that our proposed method provides better performance. It was observed that,
ICFS requires on average almost 3 features less than the conventional CFS method. The effectiveness of the proposed method is
veriﬁed by comparing the performance of classiﬁcation problems
as addressed by other researchers. It can be concluded that using
the proposed method for analyzing the EEG signal associated with
epilepsy would help physicians, clinicians and neurophysiologists
in making their work more eﬃcient and their decisions more reasonable and accurate.
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