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1 |  INTRODUCTION

An epileptic seizure is a neurological episode that occurs 
when several nerve cells in the brain generate excessive 
and repetitive electric impulses over a short period of time, 
and approximately 1% to 2% of the global population suf-
fers from epilepsy [1,2]. The diagnosis of epilepsy requires 

a long‐term monitoring system, because information is re-
quired regarding the changes in biosignals obtained from 
patients in daily life. One widely employed method ana-
lyzes brain activity using electroencephalogram (EEG) 
signals [3]. However, analyzing seizures using continuous 
EEG (over 24 hours) not only takes a long time, but also re-
quires experienced epileptologists. Therefore, an automatic 
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Long‐term electroencephalography (EEG) monitoring is time‐consuming, and re-
quires experts to interpret EEG signals to detect seizures in patients. In this paper, 
we propose a novel automated method called adaptive slope of wavelet coefficient 
counts over various thresholds (ASCOT) to classify patient episodes as seizure wave-
forms. ASCOT involves extracting the feature matrix by calculating the mean slope 
of wavelet coefficient counts over various thresholds in each frequency subband. We 
validated our method using our own database and a public database to avoid over-
tuning. The experimental results show that the proposed method achieved a reliable 
and promising accuracy in both our own database (98.93%) and the public database 
(99.78%). Finally, we evaluated the performance of the method considering vari-
ous window sizes. In conclusion, the proposed method achieved a reliable seizure 
detection performance with a short‐term window size. Therefore, our method can be 
utilized to interpret long‐term EEG results and detect momentary seizure waveforms 
in diagnostic systems.
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computer‐based detection algorithm would be valuable for 
seizure detection using EEG.

Automatic computer‐based methods for seizure de-
tection have been utilized since the early 1970s [4]. 
Traditionally, a number of methods based on principal com-
ponent analysis (PCA) [5‒8] have been used, such as the 
wavelet transform‐based method [9‒13], key points based 
on local binary patterns [14], empirical mode decompo-
sition [15‒20], and zero‐crossing [21‒24]. Among these, 
wavelet transform (WT) can be utilized in seizure detection 
to accurately discriminate features from subbands to use for 
seizure classification [22]. Furthermore, as EEG signals are 
non‐stationary, they are suitable for use in time–frequency 
domain methods, such as WT [12]. The decomposition of 
EEG records using WT provides both time and frequency 
contexts simultaneously, which makes it possible to accu-
rately capture and localize transient features [25].

There have been several attempts to utilize WT for feature 
extraction in seizure waveforms. Kumar et al [9] proposed a 
scheme based on a discrete wavelet transform (DWT) analy-
sis and the approximate entropy using an artificial neural net-
work. Sharma et al [10] proposed a new approach based on 
the analytic time–frequency flexible wavelet transform and 
fractal dimension, and Bhati et al [11] designed a localized 
time–frequency three‐band biorthogonal linear phase wavelet 
filter bank. Furthermore, Ocak [12] proposed a new scheme 
based on the approximate entropy and a discrete wavelet 
transform analysis. In addition, Nasehi et al [13] proposed 
a method based on wavelet transform features—such as the 
number of zero coefficients, largest coefficient, smallest 
coefficient, mean of coefficients, and standard deviation—
of each subband, and a kernel Fisher discriminant analysis 
classifier. Satisfactory performances have been achieved 
using such WT‐based methods. However, there are some 
challenges involved in using WT‐based methods that should 
be addressed. One challenge is the diversity of seizure wave-
forms for the same patient, and another is that a large amount 
of training data is required for the training, which represents 
a burden for patients in a real‐time application process [22].

Keeping in mind the aforementioned issues and motiva-
tion, we propose a computer‐based classification method to 
classify episodes as seizures using a novel feature extraction 
algorithm utilizing discrete wavelet transform coefficients. 
The proposed method extracts the feature matrix by calcu-
lating the mean slope of wavelet coefficients counts over 
various thresholds in each frequency subband. To develop 
a robust and reliable seizure detection method, we utilized 
our own database as well as a public database. The proposed 
method was validated using our own database, and further 
tested with the public database to evaluate the generalizabil-
ity and reliability.

A preliminary version of this work has been reported [26]; 
however, this paper provides additional quantitative results 

and proposes an improved and more sophisticated method for 
seizure detection, compared to that of the previous work.

The remainder of this paper is organized as follows. Section 
2 describes the utilized databases. Section 3 presents the pro-
posed seizure detection method. Next, the performance of the 
proposed method is demonstrated using two seizure databases 
in Section 4. Subsequently, Section 5 discusses the outcomes 
of experiments, and finally Section 6 concludes the paper.

2 |  DATABASES

2.1 | Our database
For the development and verification of the proposed method 
for epileptic seizure waveforms, we acquired EEG signals 
from four healthy subjects and four patients who received a 
diagnosis of epilepsy from a medical doctor. It took approxi-
mately 33  minutes for EEG monitoring for each individual 
in this experiment. As shown in Figure 1, the offline experi-
ments were conducted according to the international 10–20 
system. In line with the international 10–20 system standards, 
all 19 channels (FP1, FP2, F3, F4, F7, F8, T3, T4, T5, T6, 
O1, O2, P3, P4, C3, C4, FZ, CZ, and PZ) and both ear lobes 
were used as the positions of the EEG electrodes to record the 
EEG signals [27]. Also, both electrooculography (EOG) and 
electrocardiography (ECG) signals were measured. EOG was 
used to observe the patient's eye movements when seizures 
occurred and ECG was measured for analyzing the variation 
and detecting subject's movement when seizures occurred be-
cause ECG signals contain real‐world noise [28]. F, C, O, P, 
and T denote the frontal, central, occipital, parietal, and tem-
poral lobes, respectively. The two ear lobes were utilized as 
the ground. We obtained clinical information, such as the time 
and channel of seizure occurrence, for all patients from medi-
cal doctors in advance. The sampling rate for the acquisition 
of EEG signals was set to 200 Hz per second, and this was suf-
ficient to capture all signals to detect seizure EEG signals. An 
EEG dataset was acquired from Inha University Hospital with 
approval from the Institutional Review Board (IRB). Based 
on this database (we refer to this database as IHDB), we cre-
ated nonseizure subsets (IHDB‐N) from healthy subjects and 
seizure subsets (IHDB‐S) from patients. We consider the fol-
lowing a class with subsets IHDB‐N vs IHDB‐S (IHDB‐N‐S).

2.2 | Public database
To validate our method, we utilized a public database of EEG 
signals provided by the University of Bonn, Germany [29]. We 
refer to this database as BNDB. This database contains EEG 
signals acquired from healthy subjects and patients. The data-
base comprises five subsets (denoted as BNDB‐Z, BNDB‐O, 
BNDB‐N, BNDB‐F, and BNDB‐S). The subsets BNDB‐Z 
(eyes open) and BNDB‐O (eyes closed) include EEG signals 
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recorded from five healthy subjects with their eyes open and 
closed, respectively. The subsets BNDB‐N (epileptogenic zone) 
and BNDB‐F (hippocampal formation) contain EEG signals re-
corded intracranially from epileptic patients during seizure‐free 
intervals. The subset S contains EEG signals recorded from epi-
leptic patients during seizure activity. In this study, we consid-
ered the following seven classes: subset BNDB‐Z vs BNDB‐S 
(BNDB‐Z‐S), subset BNDB‐O vs BNDB‐S (BNDB‐O‐S), 
subset BNDB‐N vs BNDB‐S (BNDB‐N‐S), subset BNDB‐F 
vs BNDB‐S (BNDB‐F‐S), subset BNDB‐ZO vs BNDB‐S 
(BNDB‐ZO‐S), subset BNDB‐NF vs BNDB‐S (BNDB‐NF‐S), 
and subset BNDB‐ZONF vs BNDB‐S (BNDB‐ZONF‐S). 
These classes were separated according to the seizure database.

3 |  METHOD

We propose a wavelet‐based approach to extract features 
from epileptic EEG signals. Figure 2 illustrates the general 
structure of the proposed method: adaptive slope of wave-
let coefficient counts over various thresholds (ASCOT). 
This is a method for counting the number of times a given 
signal exceeds a certain threshold, repeating the steps while 
changing the threshold, and calculating the rate of change 
of the counted values. The detailed methodologies for each 
step will be described in the following subsections.

3.1 | Proposed wavelet‐based approach
To decompose the frequency bands of EEG signals, we em-
ployed the DWT. It is useful to perform a multiresolution 
analysis on recorded EEG signals, because this can alleviate 
the disadvantage of the fixed time–frequency resolution of the 
short‐time Fourier transform [30]. The DWT creates signals 
of different resolutions and frequency bands by decompos-
ing raw signals into approximate and detailed information. A 
wavelet dictionary was designed using a zero‐averaged basis 
function ψ, dilated using (1):

where a is a scale factor and b is a translation factor. The DWT 
was determined by using discrete parameters for any scale a0 
and position b0 (a0 ≥ 1, b0 ≥ 1) with (2):

where k and i are integers, and a−1∕2 is the constant of energy 
normalization.
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F I G U R E  1  EEG signals from IHDB. (A) EEG record for normal adult; (B) EEG of seizure patient. (Indicators listed in the left column 
represent the electrode locations of the EEG. F: frontal; T: temporal; O: occipital; C: central; P: parietal; L‐EOG: left‐electrooculography; R‐EOG: 
right‐electrooculography; ECG: electrocardiography.)
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Choosing an appropriate wavelet and number of levels 
of decomposition is important in the analysis of EEG sig-
nals using the DWT [30]. Figure 3 depicts various wavelet 
functions, such as Symlete (abbreviated as Sym), Daubechies 
(Db), and the Coiflet (Coi) mother wavelet function. The de-
composition is performed using the mother wavelet that is 
most similar to the epileptic seizure signal waveform. In this 
study, we used a Sym wavelet to decompose the frequency 
bands of EEG signals, because this employs a sharper wave-
let function, which closely reflects the continuous EEG 

signal's characteristics. We implemented the cross‐correla-
tions between an epileptic seizure signal waveform and vari-
ous wavelet functions (Sym, Db, and Coi). Figure 4 illustrates 
the performances of the normalized means of the cross‐cor-
relations between various wavelet functions and the epilepsy 
waveform. Among these, Sym of order 3 obtains the highest 
mean of correlation coefficients with epilepsy waveforms. 
Therefore, we chose the Sym of order 3 wavelet in this study.

The EEG signal was decomposed into five decomposi-
tion levels, with detail coefficients D1–D5 and approximation 

F I G U R E  2  General structure of the proposed ASCOT method: (A) decomposition of frequency bands; (B) calculation of absolute and 
normalized coefficients; (C) generation of thresholds; and (D) generation of ASCOT matrix
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coefficients A1–A5. Here, D and A denote the detail and ap-
proximate coefficients, respectively. The index number with a 
dash (–) indicates the decomposition level. As the sampling rate 
is set as 200 Hz, the categories of decomposed EEG signals are 
D1 (50 Hz–100 Hz), D2 (25 Hz–50 Hz), D3 (12.5 Hz–25 Hz), 
D4 (6.25  Hz–12.5  Hz), D5 (3.125  Hz–6.25  Hz), and A5 
(0 Hz–3.125 Hz). EEG signals do not have useful frequency 
components above 30 Hz, and the descriptor information of the 
seizure waveform is contained in decomposition levels 2 to 5 
[27]. Hence, we focused on the subband details of D2 to D5 
(frequency range 6.25 Hz–25 Hz) and the approximation A5 
(frequency range 0 Hz–25 Hz) to extract the feature vectors.

3.2 | Feature extraction
We generated features for seizure waveforms based on the 
coefficients of each subband extracted using the DWT. This 
approach was based on the advantage of the zero‐crossing 
method [31] for measuring the frequency or the period of a pe-
riodic signal. As shown in Figure 2D, in the step of generating 
the ASCOT matrix, � (t) is a counting value, obtained by count-
ing the normalized‐absolute wavelet coefficient � values over 
a specified threshold �t in a specific level t, as expressed in (3):

The threshold �t at level t represents a specified thresh-
old corresponding to each level. Figure 2C illustrates the 
step of finding the threshold. An initial threshold �1 is calcu-
lated as the product of the inverse m‐value and the maximum 
value among the normalized‐absolute wavelet coefficients 
{�1, �2, … , �N} in each frequency subband. Other thresholds 
are obtained using (4):

We repeat the applications of (3) and (4) until the thresh-
old values of all levels are obtained. The threshold level t 
proceeds until there is no further change in the counting value 

� in each step. The m‐values are used to determine the thresh-
old, and the range of m‐values is 2 to 10. The experimental 
results show that almost all m‐values in the range from 2 to 9 
result in a high accuracy, and the highest accuracy is obtained 
when the m‐value is 2. Therefore, we set m as 2 in all exper-
iments. Finally, the difference values between the � value at 
level t+1 and the previous � value at level t are obtained, 
and the mean of these difference values is calculated as the 
ASCOT value using (5):

This step is required to obtain the distribution of the sei-
zure waveforms, which may vary according to the recorded 
signal or an individual's characteristics, by using the rate of 
change of the counted values according to levels. Further, by 
repeatedly measuring the frequency change and using the 
ratio of the counting values, it is possible to further reflect 
the inherent characteristics of seizure waveforms.

3.3 | Classification
Figure 5 illustrates our proposed hidden Markov model 
(HMM). A HMM can be represented as a sequential process. 
This is based on a chain model, in which future and current 
states are determined by the previous state [32]. In this study, 
we generated two training HMMs, which are defined as 
�={A, B,�}, where A is a state transition probability matrix. 
Each aij represents the probability of moving from state i to 
state j, B represents the observation symbol probability ma-
trix, bj is the emission probability, O is the observation, and 
� is the initial state probability. Finally, we can employ the 
observation symbol sequence O to select the model with the 
highest likelihood among all trained seizure and nonseizure 
HMMs.

4 |  RESULTS

To validate the proposed ASCOT with the HMM method, 
various classification methods were considered to classify 
the seizure classes, including support vector machine (SVM) 
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F I G U R E  4  Cross‐correlation between 
various wavelet functions and the epileptic 
seizure waveform. The x‐axis shows 
wavelet functions and the y‐axis represents 
the mean of the cross‐correlation of each 
wavelet function 0
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(linear, polynomial, and radial basis function (RBF) kernel 
functions), linear discriminant analysis (LDA), quadratic dis-
criminant analysis (QDA), k‐nearest neighbor (k‐NN), mul-
tilayer perceptron neural network with the back propagation 
training algorithm (MLPNN with BP), and C4.5 decision tree 
(DT).

4.1 | Performance measures
To measure classification performance, the sensitivity 
(SEN = TP/(TP + FN)), specificity (SPE = TN/(TN + FP)), 
and accuracy (ACC = (TP + TN)/(TP + TN +FP + FN)) are 
calculated using the true positives (TP), false positives (FP), 
true negatives (TN), and false negatives (FN) [28]. TP is the 
number of positives identified by both the detection method 
and experts. FP is the number of positives identified by 

experts but missed by the detection method. Conversely, TN 
is the number of negatives identified by the detection method 
and by experts, and FN is the number of negatives identified 
by experts but missed by the detection method [33].

4.2 | Performance evaluation using various 
classifiers based on IHDB and BNDB
We verified our algorithm using Sym of order 3, which had 
the highest correlation with seizure waveforms based on the 
two databases BNDB and IHDB (Table 1). For the public 
database BNDB, the accuracy of proposed method with 
HMM was 99.78%, which was the highest performance. For 
our own database IHDB, the proposed method using LDA 
yielded the worst accuracy of 91.29%, whereas that using the 
HMM classifier yielded a high accuracy of 98.93%. With the 

F I G U R E  5  General structures of seizure and nonseizure HMMs
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T A B L E  1  Performance comparison of the proposed method with Sym 3 using various classifiers based on BNDB and IHDB

Classifier

BNDB IHDB

SEN (%) SPE (%) ACC (%) SEN (%) SPE (%) ACC (%)

SVM (linear) 98.54 (1.56) 98.65 (3.35) 98.51 (1.78) 94.80 (1.41) 96.12 (0.74) 96.73 (0.71)

SVM (polynomial) 99.12 (1.23) 99.51 (0.51) 99.77 (0.55) 96.12 (1.09) 97.32 (0.30) 96.72 (0.23)

SVM (RBF) 98.79 (1.06) 98.52 (0.54) 99.01 (0.23) 97.07 (0.74) 96.31 (3.13) 98.41 (0.75)

LDA 95.56 (2.77) 91.56 (4.46) 93.22 (4.05) 91.84 (1.06) 92.74 (1.15) 91.29 (0.30)

QDA 95.34 (1.98) 92.85 (3.87) 94.56 (2.53) 93.39 (1.24) 93.49 (0.57) 94.25 (1.48)

k‐NN 94.55 (2.42) 96.78 (2.70) 95.55 (3.35) 96.34 (0.33) 96.14 (0.79) 94.99 (0.58)

MLPNN with BP 98.88 (1.52) 98.67 (0.21) 98.12 (0.37) 93.61 (3.14) 98.55 (0.20) 97.09 (0.30)

DT (C4.5) 99.08 (0.91) 99.33 (0.21) 99.53 (1.09) 98.13 (2.25) 96.79 (1.38) 98.13 (1.21)

HMM 99.73 (0.43) 99.53 (0.60) 99.78 (0.40) 96.54 (0.05) 98.75 (0.49) 98.93 (0.68)

Bold values indicate the highest performance among various classifiers.
Abbreviations: ACC, accuracy; DT, decision tree; HMM, hidden Markov model; k‐NN, k‐nearest neighbor; LDA, linear discriminant analysis; QDA, quadratic dis-
criminant analysis; MLPNN with BP, multilayer perceptron neural network with the back propagation training algorithm; RBF, radial basis function; SEN, sensitivity; 
SPE, specificity; SVM, support vector machine.
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LDA and QDA classifiers, the accuracy results were below 
95% for both the IHDB and BNDB databases. Thus, the 
proposed ASCOT method achieved a robust performance 
with seven different classes, yielding accuracies of 95.90% 
(IHDB) and 97.20% (BNDB).

Table 2 shows the performance of the proposed method 
with seven classes using the HMM classifier (best perfor-
mance) in BNDB. For the purpose of this study, the pro-
posed method yielded satisfactory performances for all 
seven classes used for the classification of seizure wave-
forms of EEG signals. With the subset BNDB‐S (seizure) 
corresponding to one subset (BNDB‐Z‐S, BNDB‐O‐S, 
BNDB‐N‐S, or BNDB‐F‐S), the proposed method yielded 
an average accuracy of 99.94%. Furthermore, the accuracy 
for ZONF‐S, which included four subsets, was 99.54%.

4.3 | Performance comparison for various 
types of wavelet function
The decomposition of frequency bands was performed using 
the mother wavelet function that was most similar to the 

epileptic seizure waveform. In preprocessing, we already de-
termined the suitable mother wavelet through confirming the 
cross‐correlations between the epileptic seizure waveform 
and various mother wavelet functions. Thus, we assessed the 
performance by varying the mother wavelet functions.

As shown in Figure 6, using the proposed method with 
Sym of order 3, the highest accuracies of 97.45% and 
99.75%, respectively, were obtained for IHDB and BNDB. 
Meanwhile, the lowest accuracy results for IHDB and BNDB 
were 76.15% and 70.88%, where Db of order 8 was utilized.

4.4 | Performance comparison using various 
window sizes
In this section, we evaluate the performance of the proposed 
ASCOT method by varying the window sizes to assess its 
sensitivity. It is important to determine optimal and shorter 
window sizes, owing to the requirements of prediction and 
detection of epileptic seizures in advance or a real‐time sys-
tem, and long‐term monitoring for interpretation. We set var-
ious window sizes (segment lengths) of 50, 250, 1000, and 
4000, and compared the average accuracies when the ASCOT 
feature extraction method with HMM was employed.

As shown in Figure 7, for IHDB the result was 98.93% 
when the length was 4000, which was approximately 7.88% 
higher than the result with the window length of 50. Further, 
for BNDB the proposed method with a window size of 4000 
yielded the best performance (SEN: 99.73%, SPE: 99.53%; 
ACC: 99.78). Conversely, when a window size of 50 was 
adopted the performance was the worst (SEN: 96.62%, SPE: 
91.28%; ACC: 94.46%), as shown in Figure 8. This is because 
the amount of training and testing data (input) for classification 
decreases as the window size becomes smaller. However, our 
method yielded robust performances of over approximately 
90% for both databases when the shortest window size of 50 
was used.

T A B L E  2  Performance of the proposed method with Sym 3 
using the HMM classifier based on all seven classes of BNDB

Class SEN (%) SPE (%) ACC (%)

Z‐S 100.00 100.00 100.00

O‐S 100.00 100.00 100.00

N‐S 99.90 100.00 100.00

F‐S 99.85 99.01 99.77

ZO‐S 100.00 100.00 99.97

NF‐S 98.85 99.12 98.95

ZONF‐S 99.51 98.60 99.54

Total 99.73 (0.43) 99.53 (0.60) 99.78 (0.40)

Note: Numbers in parentheses indicate standard deviations. ‘BNDB’ is omitted 
from the class names. Bold values indicate the average performances of all 
seven classes of BNDB.
Abbreviations: ACC, accuracy; SEN, sensitivity; SPE, specificity.
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5 |  DISCUSSION

In this paper, we propose the novel ASCOT method for the 
detection of epileptic seizure waveforms in EEG signals. Its 
reliable performance in our database and a public database 
demonstrate that the proposed method achieves robust sei-
zure detection. However, some issues still remain to be dis-
cussed, such as the threshold generation step. In addition, we 
will discuss the performance of the proposed method com-
paratively for the two databases.

5.1 | Threshold generation
In the feature extraction step, we have already generated vari-
ous thresholds to count wavelet coefficients to measure the fre-
quency. Although our approach is based on the zero‐crossing 
method [21‒24], we used various thresholds according to the 
level t (refer to the Section 3.2. Feature extraction) for repeti-
tive calculations. Here, we need to find a suitable optimized 
threshold, because we generate thresholds based on the maxi-
mum value of the coefficients of each subband. We are still in-
vestigating how to optimize the threshold. However, the main 
advantage of our method is that it can easily obtain frequency 
information in the time domain using the rate of change of the 
counted values, and it is possible to effectively reflect the inher-
ent characteristics of seizure waveforms. Therefore, we obtained 
the counted values of the coefficients according to time‐varying 
levels, and then utilized the rate of change of these values.

5.2 | Comparison with other approaches 
in BNDB
BNDB includes seizure, nonseizure, and normal EEG signals, 
and we utilized this database for the validation of our method. 
Other studies that have validated their algorithms using BNDB 
are summarized in Table 3 [10,14,15,34‒43]. Sharma et al 

[10] proposed the time‐frequency flexible wavelet transform 
and fractal dimension, and the performance of their method 
was only approximately 0.03% higher than that of our method 
in the classification between ZO and S classes. However, their 
overall average performance was 99.34% (ZS, OS, NS, FS, 
ZO‐S, NF‐S, and ZONF‐S), which is slightly lower than that 
of our method (approximately 0.42%). Toward et al [14] uti-
lized key‐points based on local binary patterns (LBP) with 
SVM, and they validated the performance of ZO‐S, NF‐S, 
and ZONF. The average performance was higher than that 
of our method, but the difference is only 0.1%. The results 
obtained using the methods proposed by Bhattacharyya et 
al [15], Sharma et al [34], Peker et al [36], and Samiee et al 
[37] were slightly worse or nearly equivalent to those of our 
proposed method. In addition, although robust performances 
were obtained in [38‒41] based on LBP, which has an advan-
tage in terms of calculation efficiency, these were inferior to 
the performance using our method. Recently, various methods 
based on PCA have been introduced and utilized for epileptic 
seizure detection in EEG signal processing [42,43]. Jaiswal 
et al [42] proposed a seizure detection method based on the 
global modular PCA (GModPCA), which has the advantage 
of both local and global variations. Further, Jaiswal et al [43] 
introduced two effective approaches to epileptic seizure de-
tection methods using subpattern‐based PCA (SpPCA) and 
cross‐subpattern correlation‐based PCA (SubXPCA). Both of 
these have effective time and space complexities, which also 
play an important role in evaluating the effectiveness in real‐
time applications. On comparing the various PCA methods 
with our method, it is found that the detection performances of 
the methods based on PCA are equivalent with or are slightly 
inferior to our method. Meanwhile, the result of the method 
proposed by Sharma et al [35] was better than our result per-
taining to the classification between NF and S. However, it is 
difficult to precisely compare the performances, because the 
results of other datasets could not be represented. Although 
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Sharma et al utilized different datasets extracted from BNDB, 
we verified that our method is robust and reliable in BNDB in 
terms of the average accuracy (ACC) through its performance 

results. It should be noted that the classification performances 
of our method for both BNDB‐N‐S and BNDB‐F‐S were 
more robust than those of other methods. Through these com-
parisons, although our algorithm was not intended to detect 
interictal waveforms, we could achieve promising results in 
interictal waveforms of EEGs.

5.3 | Performance comparison with other 
approaches using various window sizes
To evaluate the effect of the window size, we employed vari-
ous window sizes of 4000, 1000, 250, and 50, which were also 
used in [14,34,37]. As shown in Figure 7, the performance rap-
idly degraded as the window size was reduced to 50 for BNDB. 
However, our method achieved a relatively high performance of 
97.09% as the overall average for the four window sizes. Similar 
results were generally observed for IHDB, as shown in Figure 8, 
and the performance was strong for all four window sizes, with 
an average of 95.62%. In real‐time systems, seizure detection 
methods require less data (a smaller window size) to detect the 
sudden occurrence of a seizure. Therefore, we verified that the 
proposed ASCOT feature extraction method can suitably detect 
the occurrence of a seizure with a small amount of data.

T A B L E  3  Performance comparison with previous studies on 
seizure detection based on BNDB

Publication Method Class ACC (%)

Sharma et al [10] Time‐frequency flexible 
wavelet transform and fractal 
dimension

Z‐S
O‐S
N‐S
F‐S
ZO‐S
NF‐S
ZONF‐S

100.00
100.00

99.00
98.50

100.00
98.67
99.20

Tiwari et al [14] Key‐point based on local 
binary pattern +

SVM with radial basis func-
tion (RBF)

ZO‐S
NF‐S
ZONF‐S

100.00
99.45
99.31

Bhattacharyya et 
al [15]

TQWT‐based multi‐scale K‐
NN entropy

Z‐S
O‐S
N‐S
F‐S
ZONF‐S

100.00
100.00
99.50
98.00
99.00

Sharma et al [34] Phase space representation of 
intrinsic mode functions

NF‐S 98.67

Sharma et al [35] Improved eigenvalue decom-
position of Hankel matrix 
and Hilbert transform with 
LS‐SVM classifier

NF‐S 100.00

Peker et al [36] Dual tree complex wavelet 
transform and complex 
valued neural network

Z‐S
ZONF‐S
ZO‐FN‐S

100.00
99.15
98.28

Samiee et al [37] Rational discrete SFTF and 
MLP classifier

Z‐S
O‐S
N‐S
F‐S
ZONF‐S

99.80
99.30
98.50
94.90
98.10

Kumar et al [38] 1)1D‐Local binary pattern
2)Multi‐level local patterns

NF‐S 97.671)

98.672)

Kaya et al [39] 3)Local binary pattern (all pat-
tern) with BayesNet

4)Local binary pattern (uni-
form pattern) with BayesNet

3)Z‐S
4)N‐S
3)Z‐N‐S

99.50
95.50
95.67

Kumar et al [40] Local binary pattern with 
nearest neighbor classifier

NF‐S 98.33

Jaiswal et al [41] 5)Local Neighbor Descriptive 
Pattern with Artificial neural 
network

6)1D‐Local gradient pat-
tern with Artificial neural 
network

Z‐S
O‐S
N‐S
F‐S
NF‐S
ZONF‐S

99.825)

99.806)

99.255)

98.926)

99.105)

99.026)

99.075)

98.186)

98.885)

98.786)

98.725)

98.656)

(Continues)

Publication Method Class ACC (%)

Jaiswal et al [42] CModPCA and SVM Z‐S
O‐S
N‐S
F‐S
ZO‐S
NF‐S
ZONF‐S

100.00
99.20
98.50
94.20
99.66
95.80
97.17

Jaiswal et al [43] 7)SpPCA and SVM
8)SubXPCA and SVM

7)Z‐S
7)O‐S
7)N‐S
7)F‐S
7)ZO‐S
7)NF‐S
7)ZONF‐S
8)Z‐S
8)O‐S
8)N‐S
8)F‐S
8)ZO‐S
8)NF‐S
8)ZONF‐S

100.00
99.50
99.50
95.50
99.66
96.66
97.60

100.00
99.50
99.50
95.50
99.66
96.66
97.40

This study Adaptive slope of wavelet 
coefficient counts over 
various thresholds based 
on HMM

Z‐S
O‐S
N‐S
F‐S
ZO‐S
NF‐S
ZONF‐S

100.00
100.00
100.00
99.77
99.97
98.95
99.54

Bold values indicate the result of the proposed method in this study. Each super-
script number represents the accuracy of the method used.

T A B L E  3  (Continued)
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Previous studies that have validated their algorithms using 
various window sizes are summarized in Table 4. Samiee et al 
[37] yielded the best performance of 98.3% when the window 
size was 512. However, that study used classes from different 
datasets from BNDB than we considered. Sharma et al [34] 
yielded satisfactory performances with window sizes of 1000, 
250, and 50 for BNDB. The authors only utilized four types of 
dataset, whereas we used seven. Tiwari et al [14] verified the 
performance of their method using the Hospital of New Delhi 
[44] database along with BNDB. Compared to the methods 
mentioned above, our method achieved a robust performance 
for seizure detection with a small window size. Thus, we can 
conclude that the ASCOT method is suitable for application in a 
real‐time system to detect momentary seizures and detect seizure 
waveforms in long‐term monitoring for effective interpretation.

5.4 | Processing time
Long‐term EEG monitoring for seizure detection requires not 
only a high accuracy but also a fast feature extraction time, 

as a considerable amount of data is recorded over 24  hours. 
Furthermore, the feature extraction techniques for real‐life mon-
itoring should be computationally efficient. The average times 
required for feature extraction from datasets with 50, 250, 1000, 
and 4000 points were computed using the proposed ASCOT 
method. The experiment was performed on an Intel ® core 
i5‐6600 CPU (3.30 GHz) with 4 GB RAM. When the number 
of data points in the dataset were 50, 250, 1000, and 4000, the 
calculation times were approximately 0.25, 0.5, 5, and 20 sec-
onds, respectively. Feature extraction for the proposed method 
took 0.0031, 0.0057, 0.0226, and 0.1124 seconds, respectively.

In previous studies, the key point‐based LBP method 
[14], SP LBC with an artificial neural network (ANN) [45], 
SP LGC with ANN [45], and SP LNDB with ANN [45] had 
execution times of 3.51, 0.1092, 0.1123, and 0.1571  sec-
onds, respectively, for 4092 data points. Furthermore, the 
execution times of LNDP with ANN [41], 1D‐LGP with 
ANN [41], and 1D‐LBP with BayesNet [41] were 0.048, 
0.082, and 0.1305 seconds, respectively. In [46], the authors 
employed a fuzzy method, and FCRE‐ELM and FCRE‐SVM 

Publication
Sampling 
Rate (Hz) Database

Window size 
(sample) ACC (%)

Samiee et al [37] 173.61 Bonn University 1024 97.60

512 98.30

256 97.80

173 96.20

Tiwari et al [14] 173.61 Hospital of New 
Delhi [40]

519 99.89

400 99.07

300 97.67

200 94.15

100 88.50

173.00 Bonn University 4000 98.67

2000 97.00

1000 96.00

500 94.33

Sharma et al [34] 173.61 Bonn University 4000 99.39

1000 98.03

250 97.15

50 92.32

This study 173.61 Bonn University 4000 99.78

1000 97.30

250 96.66

50 94.46

200.00 Inha University 
Hospital

4000 98.93

1000 96.98

250 95.51

50 91.05

Bold values indicate the result of the proposed method in this study.

T A B L E  4  Performance comparison 
with previous studies for seizure detection 
using various window sizes based on BNDB
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required 0.065 and 0.2425 seconds for processing, respec-
tively. Although the processing time of DWT‐SVM [47] 
was not specified, its classification time was 0.2998 second. 
Finally, LS‐SVM based on the wavelet transform has a pro-
cessing time of 0.014  second (2  seconds dataset) for fea-
ture extraction [10]. Comparing these results for the feature 
extraction processing time, we conclude that the proposed 
ASCOT method is suitable for application to real‐time sys-
tems and for interpreting long‐term EEG monitoring.

6 |  CONCLUSION

This study proposes a novel feature extraction algorithm 
for seizure detection, to overcome the limitations of long‐
term EEG monitoring. The proposed method utilizes coef-
ficients from the discrete wavelet transform, and calculates 
the adaptive slope of coefficients counts over various 
thresholds. The main advantage of this approach is that it 
enhances the detection performance by applying a suitable 
mother wavelet function (Symlet of order 3) for the discrete 
wavelet transform, and can measure the frequency of an 
EEG signal with a short window size. We validated our 
method using our own database and a public database.

The proposed method achieved a reliable performance on 
the two databases BNDB (SEN: 99.73%, SPE: 99.53%, and 
ACC: 99.78%) and IHDB (SEN: 96.54%, SPE: 98.75%, and 
ACC: 98.93%). Furthermore, the total average results for the 
proposed method with window sizes of 4000, 1000, 250, and 
50, were 97.05% (BNDB) and 95.62% (IHDB). In future 
work, we will improve our method in terms of the threshold 
generation step, and apply it to automated seizure detection 
for online (in real‐time) and long‐term EEG monitoring.
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