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Electroencephalogram (EEG) signals play an important role in the epilepsy detection. In the past decades,
the automatic detection system of epilepsy has emerged and performed well. In this paper, a novel
sparse representation-based epileptic seizure classification based on the dictionary learning with homo-
topy (DLWH) algorithm is proposed. The performance of the proposed method evaluates on two public
EEG databases provided by the Bonn University and Childrens Hospital Boston-Massachusetts Institute
of Technology (CHB-MIT), various classification cases that include health and seizure; non-seizure and
seizure; inter ictal (seizure-free interval) and ictal (seizure). The results show that the DLWH only com-
pletes the test with 19.671 s compared with the traditional sparse representation methods with high
degree of automation, which are better than those obtained using the well-known dictionary learning
method. Besides, two publicly available benchmark databases recognition rates are as high as 100%, 99.5%,
with average of 99.5% and 95.06%,% respectively, and the results show that the epileptic detection system
based on the dictionary learning has a high application value.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Epilepsy is the second most common serious nervous system
disease after the stroke [1]. It is a chronic nervous system disease
characterized by the recurrent and unprovoked seizures [2]. About
65 million people worldwide have been affected from the epilepsy.
Electroencephalogram (EEG) is an important clinical tool for mon-
itoring, diagnosing and managing the epilepsy-related neurological
diseases [3]. Doctors and neurologists analyzed these signals to
assess states of the brain, which may be a time consuming pro-
cess. EEG based on the computer-aided techniques was found very
effective in diagnosing the epilepsy compared with other methods
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[4-6], such as the electrocardiogram (ECOG). Besides, EEG was a
convenient and safe technique for monitoring the brain activity
[7-9].

Almost one third of epilepsy patients are currently untreated
[10,11]. Despite the choice of diet, medication and surgical treat-
ment, they suffered from sudden and unpredictable seizures that
had a great impact on their daily lives and temporarily impair
their perception, speech, motor control, memory and conscious-
ness [12]. Many new therapies have been researched, and one
of the most promising therapies was implantable devices that
provided the direct electrical stimulation to affected areas of the
brain [13]. These processes relied heavily on the robust algorithms
for the epileptic detection to perform effectively. Because epilep-
tic seizures cannot be predicted in a short period of time, it is
necessary to continuously re-record EEG to detect the epilepsy.
However, it is tedious, time-consuming and costly to analyze the
long visual EEG records to find traces of the epilepsy [14]. There-
fore, the automatic detection of the epilepsy has been being the
goal of many researchers. With the development of technology, the
digital EEG data can be fed into the automatic seizure detection
systems, allowing doctors to treat more patients in a given time,
due to the fact that the automation greatly reduces the time spent
examining EEG data [15-17].
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In recent years, automatic classification models with epileptic
seizures have made a lot of progress in applications of pattern
recognition (PR). In addition, there are many classification meth-
ods for EEG signals, of which the multi-layer perception neural
network (MLPNN) and the support vector machine (SVM) are two
widely used classification models. Most automatic epilepsy detec-
tion systems are based on the feature extraction and various classi-
fication models. In [18], Polat et al. presented a hybrid system with
two stages: the feature extraction using (fast fourier transforma-
tion) FFT and the decision tree classifier with 98.68% and 98.72%
accuracy, respectively. Fu et al. presented a new technique for the
seizure classification of EEG signals using the Hilbert-Huang trans-
form (HHT) and SVM in [19]. Further, the spectral entropies and
energy features of frequency-bands of the rhythms using hilbert
marginal spectrum (HMS) analysis were extracted and combined
with the SVM. The entropy was the measure method of uncer-
tainty. Wang et al. applied the Wavelet transform and Shannon
entropy to the feature extraction method and fed into k near-
est neighbor (KNN) classifier with the best classification accuracy
about 100% in [20]. Furthermore, Nicolaou et al. used the Permu-
tation Entropy (PE) as a feature extraction approach in [21]. The
low computational complexity of PE constituted as an advanta-
geous feature part of a system for the real-time automatic seizure
detection. In [22], Kumar et al. used the discrete wavelet transform
(DWT) analysis and the approximate entropy (ApEn) of EEG signals.
Abundant and significant results are achieved on the wavelet trans-
form. In [23,24], both Subasi et al. and Guo et al. use the discrete
wavelet transform model and made a series of progress. More-
over, Farrikh et al. presented (discrete wavelet transform) DWT and
adaptive hybrid feature selection within bagging with multi-layer
perception (MLP) detection for epileptic seizure in [25].

In this work, we propose a method based on the dictionary
learning and sparse representation to classify seizures for the first
time. The presented clinical EEG databases provided by the Bonn
University [26] and Children’s Hospital Boston-Massachusetts In-
stitute of Technology (CHB-MIT) [27-29], which are also applied
to this paper. The results show that the proposed scheme pos-
sess both high classification rate and high recognition speed in
the seizure identification. In addition, it shows that the automatic
detection and diagnosis can be realized in a kind of real-time
epilepsy support system. So far, no related studies on the classi-
fication scheme has been conducted on the epilepsy based on the
dictionary learning with homotopy (DLWH). The remainder of this
paper is organized as follows. Related researches on the classifi-
cation of seizures are provided in Section 2 In Section 3, techni-
cal components which include the preprocessing, the linear sparse
representation model, the sparse representation by minimization,
the dictionary learning with homotopy algorithm and classifica-
tion approach are introduced. Furthermore, a brief description on
the experimental procedures and results are provided in Section 4.
There are discussions and conclusions at the end of this paper.

2. Related work

Epileptic seizure classification and detection have been stud-
ied for several years. Specifically, beyli presented a combination of
three different EEG signals (sets A, D and E) with wavelet coeffi-
cients, and the overall classification accuracy rate was 93.17% [30].
Altunay et al. used the linear predictive error energy method for
five sets, with their reported acuuracy up to 93.6% [31]. A cluster-
ing technique based on the least squares support vector machine
(CT-LS-SVM) was presented in [32], with the classification accu-
racy of EEG 94.18%. In [33], a cross-correlation SVM classifier for
EEG classification was presented by Chandaka. In [34], Least-Square
Support Vector Machine (LS-SVM) was applied to classify two sets
of EEG signals (sets A and E), and the classification accuracy rate

reached 99.56%. Furthermore, in [35], the classification results and
statistical parameter value indicated that the PNN classifier could
distinguish the difference of EEG signals, meanwhile, the total clas-
sification accuracy was as high as 97.63%. Liang et al. employed
the ELM algorithm that was extract nonlinear features, i,e., approx-
imate entropy, Hurst exponent and scaling index, for the classifica-
tion of interictal epilepsy and ictal EEG signals [36]. Acharya et al.
extracted four entropy features to train seven classifiers, and the
fuzzy classifier had been proven that three categories could be dis-
tinguished with the overall classification accuracy rate being 98.1%
[37]. Li et al. employed the online optimization algorithm for dic-
tionary learning to obtain a new dictionary, meanwhile, they also
introduced the elastic net to make the system robust for the test
samples [38]. In addition, the EEG database provided by the CHB-
MIT is applied in many studies. Ahmad et al proposed a method
that did not require requires any preprocessing of the data, which
was unsupervised and fully automated [39]. In [40], principal com-
ponent (PCA) and common spatial patterns (CSP) was applied to
enhance the EEG signals, then, the extracted discriminant features
was used as input to the distance based adaptive change point de-
tector to identify seizures.

3. Mathematica methods

We propose a dictionary learning framework in this paper. The
outline of the system is shown in Fig. 1. It illustrates several parts
of this algorithm, which includes the preprocessing, DLWH and
classification. Then, we will introduce each part detailedly in the
ensuing sections.

3.1. Preprocessing

Before using DLWH classification method to identify the epilep-
tic EEG, it is necessary to preprocess the EEG signals, which makes
the characteristics of the seizure period more differentiable. Note
that we use 0.1-49 Hz bandpass filter in this paper. Besides, it
is conducted to maintain the phenomena, such as sharp waves,
spikes and characteristic waves, that often occurs during seizures,
so that the difference between EEG signals in the attack period
and intermittent EEG signals in the episodes is more obvious. Then,
DLWH based on the sparse representation classification method is
used to perform pattern recognition on the two types of prepro-
cessed EEG data. As a continuation, a sparse representation matrix
is constructed, which uses an EEG training set, and the details are
shown in the following subsections and Fig. 1. In order to find co-
efficients of the vector x, we use ¢; regularization in the test signal
y. Thus, we learn to get the dictionary D, which is the sparse rep-
resentation algorithm in the brain dictionary in seizures and inter-
mittent brain dictionaries, with residuals associated with seizures
and non-seizures sub-dictionary being calculated, respectively. Ac-
tually, the test signal is classified as two categories, i.e., seizures
and non-seizures, by comparing with the reconstructed residuals.
Besides, the final classification results are satisfied with the diag-
nose in real time by the clinician.

In this section, we will introduce the sparse representation
model of test signals and training signals. In the mean time, we
will depict the usage of the model. Specifically, Fig. 2 shows a dic-
tionary describing the design process of the linear sparse repre-
sentation model. Firstly, we get the test signal y, and use the same
process to get the column of dictionary D. Therefore, the test signal
is converted to the vector y e R™, and the dimension is consistent
with that of the dictionary D. Beyond that, the test signal y can
be represented by a linear sparse representation of the column of
dictionary D.

Suppose that there is a group of linearly irrelevant base
[a1, @3, ..., an] € D, an n-dimensional signal y € R™ can be linearly
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Fig. 2. The design on a dictionary and linear sparse representation model.
represented as
m
Y =) X0 =X10q + Xa0y + - + XU, (1)
i=1
Eq. (1) can be reconstructed as
y = Dx. (2)
where x = [x1, X, . ..,xm]T represents the expansion coefficient of

the signal y on the basis, and D € R* * ™ is the dictionary matrix.
In this research, we assume that a noise-free model is the sparse
equation expression.

« If n > m, D is an incomplete dictionary, some vector dictionar-
ies in space can not be effectively represented.

« If n=m, D is a complete dictionary.

- If n < m, D is an incomplete dictionary. In addition, when the
system of linear equations is undetermined, the expansion co-
efficient vector x has infinite solutions.

If some expansion coefficients are large and others are zero
or small, the signal can be sparsely represented. Mallat et al.
presented a theory in [41], which illustrates a matching tracking
calculation of the super complete dictionary decomposition. The
sparse representation of the signal uses base functions as few as
possible to represent the signal in a given overcomplete dictionary,
which is to simplify and effectively express the original signal [42].

3.2. Sparse representation by minimization

In recent years, Wright et al. presented a classification algo-
rithm based on the sparse representation classification (SRC) and
apply it to the face recognition [43]. In the SRC algorithm, test
samples are sparsely represented in training dictionaries composed
of different types of training samples. Then, the reconstruction er-
rors of different types of training samples are calculated, and com-
pared with complete classification and recognition according to the
minimum reconstruction errors. This algorithm breaks the tradi-
tional feature extraction and pattern recognition.

The sparsity of coefficients can be defined by ¢;-norm, and the
less non-zero elements in the coefficient vector, the greater the
sparsity of signals. After introducing constraints, the signal y can
be expressed as follows:

arg min||x||o subject to y = Dx

3)

Although the ¢p-norm plays an important role in the represen-
tation of signal sparsity, its solution process is quite complicated.
However, in recent researches on the compressed sensing, ¢; min-
imization technology is applied to the signal reconstruction. Fur-
thermore, many researchers have proved that the ¢;-norm opti-
mization problem has the same solution as ¢y-norm optimization
under the constrained isometric conditions [44]. Thereby the for-
mula (3) can be equivalent to the ¢;-norm optimization, which is
expressed as

arg min||x||; subject to y = Dx (4)

Specifically, Fig. 3 shows the minimization process of ¢;-norm
and ¢,-norm by two-dimensional examples, which illustrates the
reason that ¢; minimization is able to find sparse solutions. In
the norm theory, ¢;-norm and ¢,-norm can be expressed as vec-
tors on the surface of circles and diamonds in, respectively. The
grey dotted line corresponds to an isobar of constant model loss
as achieved at each combination of ¢; and ¢,.

A training dictionary X = [Xy, Xy, ..., Xk] is constructed by a K-
class training sample set, where X; = [Xl.l,Xl?, ... ,Xl.m" e R™Mi rep-
resents the training sample set of class i with i =1, 2, ..., K. Since
this study only considers two conditions, i.e, epilepsy and non-
epilepsy, the value of K is set as 2. For the test sample y € R", the
sparse representation using the training dictionary is given as fol-
lows:

y=Xa (5)
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Fig. 3. The minimization process of ¢;-norm and ¢;-norm.

where o = [a]T,a;...,a}]T and «; represents the sparse repre-
sentation vectors of test sample y on the jth class training sample
set. If the test sample y belongs to class i, the training sample set
of class i can better represent the same data y, while the coeffi-
cients in other vectors a;(j # i) are zero or smaller. As shown in
Eqg. (6), the solution of the sparse coefficient is obtained through
the minimum ¢1-norm optimization problem.
a; = argmin || X — y| subject to [|Xa —y|l, <& (6)
After obtaining the sparse vector c?i, the test samples is recon-
structed by using various training samples X; and corresponding

sparse vector ﬁ,-, and the corresponding reconstruction errors of all
types are calculated. Then the test sample y and the most accu-
rate reconstruction training sample set belong to the same cate-
gory, that is

identity(y) = arg min ”y -X é\i H 7)
t 2

After solving the ¢1 minimization problem, the non-zero ele-
ment x must be correspond to class column i. Because the EEG
signal is geatly noisy and non-stationary, non-zero elements may
exist in the projection coefficient vectors of other classes due to
the presence of noise. In order to use the sparse representation re-
sult coefficient vector x. The non-zero vector caused by noise will
not have a great impact on the reconstruction of the test samples.
Thereby, y belongs to the same category as the training samples
that can accurately reconstruct it, i.e., the category to which the
training samples corresponding to the minimum reconstruction er-
ror belongs is the category of the test samples y, and the classifi-
cation rules are given:

class(y) = arg minr;(y) (8)
1
Besides, we conclude the SRC algorithm shown in Table 1.
3.3. Dictionary learning with homotopy (DLWH)
Dictionary learning is proposed by Mairal et al. [45], which
learns from the original training signals, and aims to construct
a new dictionary for the test signal. Given a training set X =

[X1,X2, ..., %n], the goal of the dictionary learning algorithm is to
maximize the empirical loss function f,(D) that is given as follows:

fuD) = 131, D) (©)
i=1

Table 1
Pseudo-code implementation of the SRC method.

Sparse Representation Classification Algorithm (SRC)

Input: Training signal A e R™2?M for I classes, a test signal y ¢ R™!

Output: The class label y for test data

Step 1: Normalize the columns of A and y

Step 2: Code y over x via ¢;-minimization;
solve the convex optimization problem: according to Eq. (4), where
the constant ¢ is to account for the dense small noise in y or to
balance the coding error of y and the sparsity of «

Step 3: Calculate the residuals for class i according to Eq. (7), where «; is
the coding coefficient vector associated with class i

Step 4: Output the identity of y; calculate the class (y) according to Eq. (8)

End

where [(x;, D) is a loss function, and whether the dictionary could
represent the signal commendably is determined by its value, n
represents the dimension of the training signals. Every column of
the dictionary is a basic vector, which is named atom. In general,
the specific atom in dictionary D is an important factor in deter-
mining whether a test signal can be well represented. Here, we
define the loss function as

1
£(xi. D) = o = argmin 5 [x; - Dat;||3 + Allell (10)

where A denotes the regularization parameters, which improves
the generalization ability of this model. Meanwhile, «; represents
the k-dimensional coefficient vector. Besides, to solve this problem,
a ¢2-norm (less than or equal to 1) is applied to constrain each
column of D. According to [46], we define C as the convex set of
matrix:

C={Der™*s. tVj=1,....k|d;|, <1} (1)

Updating the loss function to Eq. (10), we can get

n
fu(D.@) = argmin e C.y e ®7 1™ [ i — Dl + Al
D 3 2
(12)

Although fn(D, «;) is not a convex optimization function in the
case where both the dictionary D and the coefficient vector « are
changed, and when one of the dictionary D and the coefficient o
is fixed, then fy(D, «;) is convex optimization with respect to the
remaining one. To deal with this situation, one of the two vari-
ables of the dictionary D and the coefficient vector are kept fixed,
and the empirical loss function is minimized by the remaining one
iteration.
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As one of the greedy algorithms, the homotopy method has
been applied by many scholars in the field of sparse signal recov-
ery [47]. If a signal x is k-sparse, this algorithm can find solution to
Eq. (4) in k iterations. At the same time, Eq. (4) can be changed as
an unconstrained optimization problem in (10). The objective func-
tion in (10) undergoes a constraint from ¢, to ¢;. Therefore, when
A decreases to 0, the solution set x; of the large A and & converges
to the solution of (4). Furthermore, the solution path is a piecewise
constant that is a function of A. It only changes at the critical value
of A.

Making the objective function of (10) is F(e), then

dF () = —D"(y — Do) + A9 ||| (13)
Since the |||l of Eq. (13) is not globally differentiable. Therefore,

we need to redefine ||« ||; of the sub-differential as follows:

u(a):{ueRN

u; = sgn(e;), o #0
UjE[—l,ll, CY,‘ZO } (14)

The homotopy algorithm through the iterative process of k step
with an initial value «gy = 0. During each iteration, and with a
certain nonzero A, furthermore, Eq. (15) can be acquired through
JdF (@) =0:

c(e) =Dy — D'Da = Au(a) (15)

According to Eq. (14), we maintain the sparse support set in the
kth iteration.

Iefi:|ch, (@)]|=2} (16)

Then, we calculate the update direction and gradually adjust the
non-zero coefficients of o). In addition, mathematical derivation
and algorithm information can be found in [47,48]. We use the ef-
ficient block-coordinate descent algorithm proposed in [49], which
does not require any learning rate tuning. For each x; each column,
ie, d; (block), of the dictionary D is sequentially updated by the
block coordinate decent algorithm [49]:

1

d; = — (Bj — DA;) + d; (17)
Ajj

A,‘ =Ai_1+ ot,-ot,T (18)

Bi = Bi 1 +xi0] (19)

Dictionary learning algorithm is of great significance for the
development of the real-time system. Sparse coding with a fixed
dictionary is a linear least squares problem. Furthermore, we
introduce ¢; regularization that can be solved by the LARS al-
gorithm, which is another derivative of LASSO [49,50]. In the
decade research, Marial et al. have employed block coordinates to
fall and restart [49]. This method does not require learning rate
adjustment, which can avoid the difficulty of setting optimization
constraints. Finally, learning dictionary D is obtained by alternating
above mentioned sparse optimization and dictionary update steps
for each x; until D is convergent. In this work, we set the number
of iteration t as 100 to find the converged dictionary. Besides, we
conclude the dictionary learning with homotopy algorithm shown
in Table 2.

3.4. Classification

In Fig. 1, we can understand that the various aspects of the clas-
sification scheme. After the EEG data is preprocessed by filtering,
etc, the learning dictionary is trained by randomly selected EEG
training samples, and the dictionary training method is an online
learning method. We introduce the ¢; regularization penalty factor

Table 2
Pseudo-code implementation of the DLWH method.

Dictionary learning with Homotopy
Input: training feature x € Rm * "
Output: learned dictionary D
I: Initialtize the dictionary Dy € C, N is the number iterations, Ag=0, Bo=0
Il: Fort=1... Ndo
select x; from the original training samples and updata the sparse
coefficient,by solving equation.
compute the o using Homotopy algorithm
o =argmin 3 |y - Del3 + A,
III: Updata A and B
A=A +ajaf
B; =Bj_4 +X1'Dt;r
IV: Updata D using block coordinate decent algorithm using as follows:
min  |lx; — Deylf3s.t.[|d;f, = 1. =1.2.... .k
End for
End while

constraint, which can affect the sparsity of sparse coding and the
generalization ability of model coding.

The test sample y is sparsely coded in the learning dictionary,
and the calculation of the sparse coefficient vector is realized by
the Lars algorithm [51]:

A

. (1
p=argmin | 31y~ DIE + 11151 | (20)
€

A A

of which X signifies a constant, [Q =[B1, B2, - ..,éi], ,§,~ is the rep-
resentation coefficient of the test sample on the ith sub-dictionary.
Next, we need to calculate the reconstruction error that the test
sampley represents on each sub-dictionary. In addition, we can de-
termine the category to which the test sample belongs by recon-
structing the error, and the test sample belongs to the category
with the smallest reconstruction error.

2

r(y) = (21)

‘y_Di,Bi

2

where ,é,v is the representation coefficient of the test sample on the
ith sub-dictionary, and D; is the dictionary of the ith class. Finally,
the label which the test sample belongs to is discriminated based
on the reconstruction error.

4. Experimental procedure and dataset

To evaluate the proposed method, we conduct seizure detection
experiments on two publicly available EEG databases provided by
the Bonn University (2001) [26] and the open-source EEG database
from CHB-MIT(http://phys ionet.org/cgi-bin/atm/ATM)

The first EEG database provided by the Bonn University con-
sists of five groups (represented as Z, O, N, F, and S), each contains
100 single-channel EEG fragments with a duration of 23.6 s and
a sampling rate of 173.6 Hz. After visual examination of artifacts,
such as muscle activity or eye movement, EEG fragments are se-
lected and cut out from the successive multichannel EEG records.
The dimension of the original data signal is 4096. The group Z and
group O consist of segments from the surface EEG records taken
from five healthy volunteers using the standard 10-20 electrode
replacement protocol. The volunteers relax their eyes (Z) and close
eyes (O) under the wakefulness. N, F and S are derived from the
preoperative diagnosis of EEG files. Fragments from epileptogenic
areas are recorded in group F, and those from contralateral hemi-
spheric hippocampal structures are recorded in the group N. Set N
and F contain only activities measured during epileptic intervals,
and set S contains the epileptic activity. The dataset Z includes
signals from the normal people, and S contains epileptic seizures.
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Fig. 4. Signal sparse representation and scatter plot.

EEG signals with the same 128 channel amplifier are recorded. The
data is digitalized at 12 bits resolution and 173.6 samples per sec-
ond. The bandpass filter is set to 0.5-3-60 Hz. The total number
of EEG signals is 300 (100 normal signals, 100 intermittent and
100 seizures). Each dataset has 4096 sampling points. Moreover, in
order to facilitate the requirements of following classification ta-
ble, we rename the groups Z, O, N, F and S to the sets A, B, C, D
and E.

Another EEG database was provided by the CHB-MIT [27-29] is
publicly free and available on www.physionet.org. 23 Children
with epilepsy have been recorded by placing 23 electrodes on the
scalp of each subject. The scalp EEG dataset has been sampled at
256 Hz. The study included 17 females that ranged in age from 1.5
to 19 years and five males that ranged in age from 3 to 22 years.
The age and gender information of a child is unknown. Subjects
1 and 21 were from the same female patient with 1.5 year apart
and are considered as two extra patients in this paper. The start
and end times of seizures are clearly labeled according to expert
judgment, and the number and duration of seizures vary from
subject to subject.

5. Result

In the evaluation of epileptic detection systems, the assessment
is usually quantified by sensitivity, specificity, recognition accuracy
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and AUC which are defined as follows:
e TP
Sensitivity = ——— 22
Y=Tp1FN (22)
TN
Specificity = ———— 23
P V=TPTFN (23)
.. TN+TP
Recognition Accuracy = 24
& Y= TPYFN+TN+FP 24
> 1(Py. )
AUC=4=—-—" "= 25
M=x«N (25)

« Sensitivity (Sen): the number of true positives/the total num-
ber of ictal EEG epochs labeled by the EEG specialists. True positive
represents the ictal EEG identified by algorithm and experts.

- Specificity (Spe): the number of true negatives/the total num-
ber of interictal EEG epochs labeled by the EEG specialists. True
negative represents the interictal EEG identified by algorithm and
experts.

« Recognition accuracy (Acc): the number of correctly identified
epochs/the total number of epochs.

« Are under curve (AUC): the predicted probability of the posi-
tive epochs is greater than the predicted probability of a negative
epochs. M represents a positive epochs and N represents a negative
epochs.

In this section, we provide the classification results with the
Bonn university and CHB-MIT available databases as described in
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Table 3

The Bonn dataset: demographic prediction performance comparison by three evaluation metrics. Sens%, Spec% and Acc% represent the sensitivity, specificity and recognition

accuracy, respectively.

Classification Dictionary size

173 256 512 1024 2048 4096
DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC
E-A Sens% 93 93 93 86 94 92 95 97 98 98 100 100
Spec% 83 59 88 47 95 77 100 97 99 99 100 100
Acc% 88 76 90.5 66.5 94.5 84.5 97.5 97 99.5 98.5 100 100
AUC 0.9473 0.9056 0.9644 0.7813 0.987 0.947 0.9945 0.9904 0.9994 0.9999 1 1
E-B Sens% 94 92 96 93 100 93 100 99 100 99 100 100
Spec% 87 65 90 51 95 72 95 87 97 94 95 90
Acck 90.5 78.5 93 72 97.5 82.5 97.5 93 98.5 96.5 97.5 95
AUC 0.9744 0.9249 0.9905 0.8714 0.9973 0.9574 0.9994 0.9965 0.9996 0.9989 1 1
E-C Sens% 87 76 89 73 93 73 95 83 97 93 98 96
Spec% 98 86 98 79 100 99 100 100 100 100 100 100
Acc% 92.5 81 93.5 76 96.5 86 97.5 91.5 97.5 96.5 99 98
AUC 0.9773 0.9234 0.9872 0.8345 0.9964 0.9771 0.9993 0.9965 0.9999 0.9998 0.9998 0.9996
E-D Sens% 88 79 88 69 95 73 95 84 97 92 99 97
Spec% 95 91 100 85 100 100 100 99 99 100 100 100
Acc% 91.5 85 94 77 97.5 86.5 97.5 91.5 98 96 99.5 98.5
AUC 0.9757 0.8569 0.9919 0.8569 0.9985 0.9862 0.9993 0.9954 0.9993 0.9994 0.9996 0.9997
Average Sens% 90.5 85 91.5 80.25 95.5 82.75 96.25 90.75 98 95.5 99.25 98.25
Spec% 90.75 75.25 94 65.5 97.5 87 98.75 95.75 98.75 98.25 98.75 97.5
Acc% 90.625 80.125 92.75 72.875 96.5 84.875 97.5 93.25 98.375 96.75 99 97.875
AUC 0.9739 0.9178 0.9820 0.836 0.9948 0.9669 0.9981 0.9947 0.9996 0.9994 0.9999 0.9999
Table 4
The CHB-MIT database, the results of different subjects recognition accuracy.
Subject Dictionary size
173 256 512 1024 2048 4096
DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC
1 Acck 84.5 86 88.5 84 91.5 72.5 94.5 96 80 98.5 94.5 85.5
2 Acc% 95.5 93 95.5 93.5 97.5 84.5 97 87 97.5 92.5 98 94
3 Acch% 88.5 88.5 87 89 92 73.5 94 72.5 95.5 72.5 94 86.5
4 Acck 92 91 93 91.5 94 70 98.5 83 100 815 99.5 82.5
5 Acc% 76 83 73.5 80 83.5 70 92 77.5 96 85 95.5 93
6 Acc% 83 835 89.5 82.5 92 84.5 95.5 89 96 89.5 96 93.5
7 Acc% 91.91 91.5 94.5 93 96 81 98.5 82 99.5 84.5 98 91.5
8 Acck 68.5 715 78.5 75.5 90.5 74 97.5 75 99.5 82 98.5 91.5
9 Acc% 96.5 71.5 97.5 94.5 98 86 96.5 92.5 99 97 99.5 95.5
10 Acch 78 77.5 81.5 83.5 84 78 92.5 81 97 76 97 82
11 Acck 83.5 81.5 835 81 92.5 96 95 68.5 93.5 62.5 91 57.5
12 Acc% 72 69.5 79 74.5 89.5 61.5 91 62.5 91 70 93.5 54.5
13 Acch 74.5 75.5 76.5 75 86.5 50 87 54.5 89 49 89 46.5
14 Acc% 81.5 81.5 86 87 89.5 56 89 60.5 90 62 92.5 60
15 Acc% 87 89 91 88.5 91 56 93 52 92.5 60.5 94.5 54
16 Acc% 79 79 83 74.5 86 55 86 475 87.5 56.5 91 61
17 Acck 76.5 79 77.5 73.5 82.5 65 82 61 91 62 95 58
18 Acck 90 91 93.5 84 94.5 68 92.5 62.5 95.5 59 98 65.5
19 Acc% 86.5 88 88 81.5 91.5 68 92 62 92 64.5 96 69
20 Acc’ 81 76 82,5 79.5 90 55 90.5 64 91.5 57 91 56
21 Acck 86.5 845 86 85 87.5 61.5 93.5 59.5 92 61.5 89 54
22 Acc% 88.5 86.5 89 84 92 66 92.5 65.5 92 64.5 94.5 70
23 Acck% 88.5 89 94.5 90.5 98 77.5 98 82 99 91 99 89.5
24 Acc% 83.5 79 85 77.5 90 72 93 77 95.5 81 97 93.5
Average Acc% 83.75 83.75 82.79 83.46 90.83 70.06 92.98 70.35 91.61 72.56 95.06 74.35

Section 4, which compare the results with SRC. The sensitivity,
specificity, recognition accuracy, and AUC are calculated from the
results of each fold. Then, the mean values of these statistical mea-
sures over the 10-folds are treated as the actual estimates of clas-
sification performance.

All the experiments are executed in Matlab 2018a environment
running in Inter core processor with 2.7 GHz. For the Boon EEG
dataset, as depicted in Fig. 4(A), the green, yellow, and blue lines
represent the original EEG signals of seizures, the inter-ictal, and
the health, respectively. We take a segment of each signal, a total
of 100 points, and the time point and amplitude as their respective
abscissa and ordinate. Furthermore, we can clearly know that the

amplitude of the health and inter-ictal are relatively stable, and the
spike is not easy to occur. However, the seizures signal is prone
to the spike phenomenon. Fig. 4(B) shows 180 trail signals of the
epileptic and the non-epileptic.

We draw one EEG signal from sets A, B, C, D and E, respectively.
For each EEG subset (A, B, C, D or E). In addition, we consider
the following four binary classification problems that use different
combinations of these data sets in this paper.

1. Classification of sets A and E: only A and E segments are used
and they are classified into two classes: normal or seizure.

2. Classification of sets B and E: only B and E segments are used
and they are classified into two classes: normal or seizure.
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Table 5
The CHB-MIT database, the results of different subjects specificity.

Subject Dictionary size

173 256 512 1024 2048 4096

DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC
1 Spec% 80 76 85 74 89 80 95 67 94 79 92 84
2 Spec% 95 93 96 95 98 83 96 83 95 89 96 93
3 Spec% 92 93 93 96 95 80 97 71 98 70 95 86
4 Spec% 89 88 94 90 93 55 97 75 100 69 99 71
5 Spec% 66 77 69 66 79 67 91 79 94 82 95 91
6 Spec% 80 76 85 74 88 78 93 82 94 87 93 92
7 Spec% 87 89 95 93 98 78 99 76 99 80 96 90
8 Spec% 75 78 86 85 94 80 100 82 100 83 99 92
9 Spec% 96 99 98 98 98 86 95 90 99 95 99 98
10 Spec% 80 80 82 91 91 84 91 83 97 73 98 81
11 Spec% 83 78 82 76 92 64 96 62 93 57 88 44
12 Spec% 70 71 78 71 88 60 92 68 91 75 90 57
13 Spec% 74 73 71 75 89 48 86 50 87 46 86 44
14 Spec% 79 83 83 88 91 59 88 58 89 60 93 60
15 Spec% 84 91 89 85 92 63 93 53 93 62 94 64
16 Spec% 76 79 85 79 86 53 89 53 89 57 92 69
17 Spec% 78 85 75 73 84 62 84 56 90 52 95 44
18 Spec% 91 88 94 75 95 59 94 51 94 45 97 70
19 Spec% 83 81 83 73 91 62 91 54 90 55 94 61
20 Spec% 77 66 76 71 88 46 88 62 91 54 90 56
21 Spec% 86 84 86 87 85 64 95 68 91 63 92 49
22 Spec’% 88 86 90 86 93 74 92 71 91 69 93 77
23 Spec% 95 90 96 93 99 67 98 76 99 89 99 83
24 Spec% 89 91 89 93 99 83 97 81 98 79 99 92
Average Spec% 83.04 83.13 85.83 82.79 91.46 68.13 93.21 69.79 94 69.58 94.33 72.83

Table 6
CHB-MIT database, the results of different subjects sensitivity.

Subject Dictionary size

173 256 512 1024 2048 4096

DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC
1 Sens% 89 96 92 94 94 65 94 73 98 81 97 87
2 Sens% 96 93 95 92 97 86 98 91 100 96 100 95
3 Sens% 85 84 81 82 89 67 91 74 93 75 93 87
4 Sens% 95 94 92 93 95 85 100 91 100 94 100 94
5 Sens% 86 89 78 94 88 73 93 76 98 88 96 95
6 Sens% 86 91 94 91 96 91 98 96 98 92 99 95
7 Sens% 91 94 94 93 94 84 98 88 100 89 100 93
8 Sens% 62 65 71 66 87 68 95 68 929 81 98 91
9 Sens% 97 92 97 91 98 86 98 95 99 99 100 93
10 Sens% 76 75 81 76 77 72 94 9 97 79 96 83
11 Sens% 84 85 83 86 93 74 94 75 94 68 94 71
12 Sens% 74 68 80 78 91 63 90 57 91 65 87 52
13 Sens% 75 78 82 75 84 52 88 59 91 52 92 49
14 Sens% 84 80 89 86 88 53 90 63 91 64 92 60
15 Sens% 90 87 93 92 90 49 93 51 92 59 95 44
16 Sens% 82 79 81 70 86 57 83 42 86 56 90 53
17 Sens% 75 73 80 74 81 68 80 66 92 72 95 72
18 Sens% 89 94 93 93 94 77 91 74 97 73 99 61
19 Sens% 90 95 93 93 92 74 93 70 94 74 98 77
20 Sens% 95 86 89 88 92 64 93 66 92 61 92 56
21 Sens% 87 85 86 83 90 59 92 51 93 60 86 59
22 Sens% 89 87 88 82 91 58 93 60 93 60 96 63
23 Sens% 82 88 93 88 97 88 98 88 99 93 99 96
24 Sens% 78 67 81 62 81 61 89 73 93 83 95 95
Average Sens% 84.88 84.38 86.92 84.25 90.21 69.75 92.75 71.92 95 75.58 95.38 75.88

3. Classification of sets C and E: only C and E segments are used
and they are classified into two classes: normal or seizure.

4, Classification of sets D and E: only D and E segments are
used and they are classified into two classes: normal or seizure.

Besides, we performed seizure detection on the CHB-MIT EEG
database by recognition rate, sensitivity, and specificity, the AUC
evaluation indicators judges the performance of the proposed algo-
rithm, and the result has been shown in Tables 4-7, respectively.

There have been many studies on the identification of epilep-
tic EEG signals for this database in recent years. The utilization

of the same EEG dataset is necessary for a more precise perfor-
mance comparison between the proposed method and other exist-
ing methods.

In Table 3, we see that the sensitivity, specificity and recogni-
tion accuracy of DLWH are higher than SRC under different dictio-
nary size, which is consistent with our previous predictions. When
the dictionary size is taken to 4096, we can clearly see that the
average sensitivity, specificity and recognition rate are both over
99%, which are significantly higher than SRC index. When the dic-
tionary size is taken to 173, the average sensitivity, specificity and
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Table 7
CHB-MIT database, the results of different subjects AUC.

Subject Dictionary size
173 256 512 1024 2048 4096
DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC DLWH SRC

1 AUC 0.9276 0.9584 0.9688 0.9423 0.9815 0.819 0.9939 0.7805 0.9966 0.8815 0.9946 0.9151
2 AUC 0.9919 0.9861 0.9949 0.9769 0.9948 0.9274 0.9979 0.9474 0.9989 0.964 0.9998 0.9819
3 AUC 0.9494 0.9474 0.9613 0.9571 0.9816 0.7953 0.9902 0.7697 0.9953 0.804 0.9959 0.9498
4 AUC 0.9726 0.9713 0.9749 0.9751 0.994 0.8508 1 0.9177 1 0.9338 1 0.9321
5 AUC 0.8446 0.9011 0.852 0.9028 0.9445 0.7781 0.9903 0.8514 0.9937 0.9204 0.996 0.9755
6 AUC 0.9191 0.9252 0.9724 0.9351 0.9878 0.9078 0.9969 0.9615 0.9959 0.9734 0.9973 0.9786
7 AUC 0.974 0.977 0.9823 0.9776 0.9969 0.8963 0.9998 0.911 1 0.9502 1 0.9629
8 AUC 0.8111 0.7968 0.8935 0.8616 0.9763 0.786 0.9946 0.8061 0.9995 0.8668 0.9992 0.9484
9 AUC 0.9915 0.9915 0.9962 0.9777 0.998 0.9061 0.9988 0.9725 0.9999 0.9959 0.9999 0.9819
10 AUC 0.8806 0.8776 0.9137 0.9322 0.9209 0.875 0.9802 0.8835 0.9984 0.8266 0.9983 0.9032
11 AUC 0.9094 0.9002 0.9035 0.8948 0.9462 0.7829 0.953 0.8078 0.9488 0.739 0.9235 0.7061
12 AUC 0.8295 0.7831 0.8662 0.7972 0.936 0.6768 0.9246 0.717 0.92 0.7645 0.9365 0.5878
13 AUC 0.7669 0.8092 0.8152 0.8042 0.8958 0.5267 0.8682 0.5842 0.8758 0.5103 0.8795 0.4847
14 AUC 0.8714 0.8583 0.9145 0.8902 0.8973 0.6287 0.8872 0.6637 0.9041 0.6801 0.9457 0.6395
15 AUC 0.9194 0.9322 0.949 0.9327 0.9322 0.5613 0.9411 0.5675 0.9606 0.6104 0.971 0.5365
16 AUC 0.8496 0.8433 0.8694 0.8181 0.8791 0.5341 0.8699 0.511 0.8818 0.5882 0.9 0.6116
17 AUC 0.8371 0.8801 0.8477 0.8071 0.8816 0.7455 0.8816 0.7076 0.8924 0.92 0.996 0.6619
18 AUC 0.9372 0.9457 0.9496 0.9311 0.9512 0.7948 0.9546 0.7494 0.9695 0.7192 0.9819 0.6588
19 AUC 0.9246 0.9527 0.9328 0.9247 0.9429 0.762 0.9497 0.7499 0.9724 0.7778 0.9718 0.7925
20 AUC 0.8608 0.8659 0.909 0.8917 0.8987 0.6116 0.9176 0.6847 0.9039 0.6476 0.8998 0.6493
21 AUC 0.8734 0.9092 0.8844 09112 0.9227 0.6748 0.9423 0.6432 09174 0.6529 0.9169 0.5926
22 AUC 0.9242 0.9289 0.9378 0.9208 0.948 0.7506 0.933 0.7489 0.9392 0.7362 0.9771 0.7885
23 AUC 0.9693 0.9597 0.9851 0.9653 0.9947 0.9106 0.9962 0.9322 0.9966 0.9634 0.9988 0.9706
24 AUC 0.9146 0.8944 0.9378 0.9013 0.9868 0.8375 0.9926 0.8196 0.9979 0.8554 0.9981 0.9744
Average AUC 0.9021 0.9081 0.9289 0.9095 0.9496 0.7641 0.9569 0.7787 0.9619 0.795 0.9699 0.7993

recognition rate of DLWH are 90.5%, 90.75%, 90.625%, respectively.
Nevertheless the SRC gets a bad effect. At the same time, in the
evaluation metric of AUC, we can clearly note that when the dic-
tionray size is small (i.e. 173 and 256), the AUC of DLWH is more
obvious than that of SRC. When the Dictionary size is 4096, the
average AUC is close to 0.99985. As we all know, when the value
of AUC is 1, it is a perfect classifier.

Tables 4 -7 represent the recognition accuracy, specificity, sen-
sitivity, AUC of the CHB-MIT 24 subjects and the statistical aver-
age of all the results. Then, we could clearly see that the sen-
sitivity, specificity, and recognition accuracy of DLWH are higher
than SRC in different dictionary size. When the dictionary size is
set to 4096, we can clearly see the average specificity, sensitivity,
recognition accuracy and AUC are 94.33%, 95.38%, 95.06%, 0.9699%,
respectively, and the difference between DLWH and SRC. Besides,
when the dictionary size is 173, the average specificity, sensitivity,
recognition rate and AUC are 83.04%, 84.88%, 83.75% and 0.9021%
respectively, showing excellent performance. Later, we will discuss
the differential interpretation of the results of the EEG datasets at
the Bonn University and CHB-MIT.

We explain the dictionary learning scheme in Section 3.3, dic-
tionary size, i.e., the number of columns in the dictionary, which
depends on the number of classes and the feature dimension.

Fig. 5 shows the classification results by the different dictio-
nary size, respectively. The subgraph Fig. 5(A)-(D) represents four
classification (E-A, E-B, E-C and E-D), and Fig. 5(E) is the statis-
tical average of the four classification cases of Bonn University of
EEG dataset. Fig. 5(F) is the result of statistical average of CHB-MIT
EEG dataset. Here, we compare classification accuracy for the dif-
ferent dictionary size in SRC and DLWH, respectively. We note that
too small number of atoms in the dictionary show poor classifi-
cation accuracy. Because if the number of atoms in dictionary is
too small, new test feature cannot be represented will with sim-
ilar features in the dictionary. Therefore, it resulted in low dis-
crimination power. Fig. 5 from 2056 to 4096 shows good classifica-
tion performance for both approach (SRC and DLWH). On the other
hand, computation time is also increased with large dictionary
size.

6. Discussion

In this research, the sparse representation with the dictionary
learning is proposed for the seizure detection, and the optimization
algorithm is employed to train the train sets to acquire a better
dictionary, which can represent the test sample well. Besides, we
improve the generalization ability of the model and the sparsity of
sparse representation by introducing ¢; regularization. In the pre-
processing part, the bandpass filter is applied to both seizure part
and non-seizure background, which makes the data cleaner.

The training signals of all classes can be directly used as the
dictionary for the sparse representation. Furthermore, the dictio-
nary learning has been proven to be essential for producing good
results, which can process one element of the train signal. In this
paper, the residuals for each category are calculated and compared
by the dictionary learning and sparse coding which test signals.

The dictionary learning method can achieve faster performance
than the traditional algorithm. To compare with the cost of our im-
proved sparse representation method, the time taken in the detec-
tion processing is calculated. The average difference in execution
time is negligible with the same standard desktop computer with
2.7 GHz core and 8 GB RAM running Matlab 2018a. We compare
the running time with the SRC algorithm. In consequence, it can
be found that the execution time of DLIWH algorithm is 19.671 s,
which is less than that of SRC algorithm, i.e., 465.8 s in the training
state. Furthermore, there are obvious differences in their running
time, which makes the system possibly adapt to develop the online
seizure detection system or the portable detection device. Apart
from that, in the future work, we will focus on the ability of DLWH
for the seizure detection, which satisfies the clinic requirement.

The Bonn University EEG database used in this research has
been applied in many researches for evaluating the seizure
detection algorithm. It is more desirable to compare the proposed
method with other existing work. The performance comparisons
between the normal (Set A) and the ictal (Set E) EEG signals with
correct classification rates are listed in Table 8. The classification
of the normal (Set A) and ictal (Set E) EEG is easier than that of
the interictal (Set D) and ictal (Set E) EEG. Hence, the reported
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Fig. 5. Comparison of classification accuracy for different dictionary size. The subgraph Fig. 5(A)-(D) represents four classification (E-A, E-B, E-C and E-D) of the Bonn
university dataset, Fig. 5(E) represents the average result of the bonn dataset, Fig. 5(F) represents the average result of the CHB-MIT database.

results plotted in Table 8 are all quite high. However, the pro-
posed method has achieved much high accuracy, sensitivity and
specificity. Polat et al. employed the fast fourier transformation
for the feature extraction and decision tree classification with
set A and set E, which produced accuracy rates, sensitivity and
specificity of 98.72%, 99.40%, and 99.31%, respectively. Fu et al.
presented the HMS and SVM methods, which were used to extract
features for the classification of the epileptic EEG signals, yielding
accuracy of 99.85%. For set B and set E, the weighted visibility
graph combined with SVM is presented, with the 97.25% recog-
nition accuracy satisfactory. For both set C and set E, Siuly et al.
presented a clustering technique-based least square support vector
machine (CT-LS-SVM), which yielded the recognition rate, sensi-

tivity and specificity of 98.5%, 99.3%, and 97.7%, respectively. For
class D and class E, alzami et al. employed the DWT and adaptive
hybrid feature selection within bagging with MLP approch, which
achieved good results. In this work, the proposed detection system
have generated 99.5%, 99%, 100% results in accuracy, sensitivity,
and specificity, respectively. Apart from that, we just list some of
them, and a detailed description on the other seizure technique is
shown in Table 8. For three classes of seizure detection, a number
of researchers have implemented different methods, which are
listed in Table 6. In particular, Tawfik et al. extracted the valid
features by the weighted permutation entropy, and as the in-
put to the SVM classifier, producing a recognition rate of 97.5%
[66]. Meanwhile, we also compare and summarize the research
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Table 8
Summaries on existing approaches to epilepsy detection using features extracted from EEG signals using the same dataset used in this study.
Classes Author Features extracted method Accuracy (%) Sensitivity Specificity
A-E Nigam [52] Nonlinear preprocessing filter, 99.6% - -
diagnostic artificial neural network
Srinivasan [3] Time-frequency domain feature, 97.2% - -
0 recurrent neural network
Polat [18] FFT-decision tree classifier 98.72% 99.4% 99.31%
Subasi [23] Discrete wavelet transform, 95% 95% 94%
mixture of expert model
Guo [24] Discrete wavelet transform-relative 95.2% 98.17% 92.12%
wavelet energy, MLP
Wang [20] Wavelet transform and 99.45% - -
Shannon entropy, KNN
Nicolaou [21] Permutation entropy, SVM 93.55% - -
Fu [19] Time-frequency image 99.13% - -
using HHT, SVM
Fu [53] HMS analysis, SVM 99.85% - -
Our DLWH 100% 100% 100%
B-E Supriya [54] Weighted visibility graph and SVM 97.25% - -
Our DLWH 97.5% 100% 95%
C-E Samiee [55] Rational discrete short-time fourier 98.5% 99.3% 97.7%
transform and MLP
Siuly [56] Clustering technique-based LS-SVM 98.5% 99.3% 97.7%
Our DLWH 99% 98% 100%
D-E alzami [35] DWT and adaptive hybrid 97.33% 97.76% 97.49%
Feature selection
Siuly [58] Least Square Support 94% 88% 100%
Vector Machine (LS-SVM)
Samiee [55] Rational Discrete Short Time 94.90% 95.6% 94.1%
Fourier Transform
Kaya [57] One-dimensional local 95.50% 96% 95%
pattern (1D-LBP)
Siuly [56] Clustering technique-based least 93.60% 89.4% 97.80%
square support vector machine
Kumar [22] Discrete wavelet transform 93% 94% 92%
analysis and approximate entropy
Our DLWH 99.5% 99% 100%

Table 9

Performance comparison between the proposed method and other works for classifying three-class problem of the normal (Set A), Interictal (Set

D) and ictal (Set E) EEG.

Author Features extracted method

Accuracy (%)

Chua et al. [59]
Ubeyli et al. [30]

Higher order spectra and power spectral density 93.11%
Wavelet transform+mixture of expert model 93.17%

Orhan et al. [60] Discrete wavelet transform 96.7%
Acharya et al. [61] Recurrence quantification analysis parameters+ SVM 95.6%
Song et al. [62] Sample entropy-+extreme learning machine 95.67%
Acharya et al. [63] Entropies+Higher order spectra+Higuchi fractal dimension+Hurst exponent]+fuzzy — 99.7%
Martis et al. [64] Intrinsic time-scale decomposition+[energy+fractal dimension+sample entropy]| 95.67%
Murugavel and Ramakrishnan [65]  Wavelet transform based statistical features 96%
Kaya et al. [57] 1D-LBP-+BayesNet 95.67%
Tawfik et al. [66] Weighted permutation entropy+SVM 97.5%
Our research DLWH 97.6%

methods and experimental results with other researches, which
are provided in Table 9. Apart from that, Many researches have
used the CHB-MIT EEG database for evaluating seizure detection
algorithms. Fergus et al. proposed a system for detecting epilepsy
with linear discriminant analysis (LDA), which achieved 86.26%,
87.58%, and 86.93% results in accuracy, sensitivity, and specificity,
respectively [67]. In particular, Ahammad et al. proposed a method
based on wavelet features and certain features of statistical fea-
tures without wavelet decomposition, which was classified for
normal and epileptic EEG signals using the linear classifier, the
overall accuracy rate reached 84.2% [69]. Furthermore, a new
multi-channel EEG seizure detection method was presented based
on the dynamics of the trajectories in phase spacee by Zabihi [70].
Besides, in [71], a new classification approach called collective
network of binary classifier (CNBC) was presented, which achieved
good performance. Many researchers use different algorithms for
seizure detection, which is listed in Table 10.

In Section 5, two EEG databases effectively evaluate our pro-
posed algorithm. The highest recognition rate and the average
recognition rate of DIWH in the Boon university EEG database
are 100% and 99.99%,% respectively. Meanwhile, the high and aver-
age recognition rates of another database CHB-MIT are 99.5% and
95.06%, respectively. Since the Boon university database is directly
obtained from the intracranial brain, so the intracranial EEG has
the advantages of constant potential, high signal-to-noise ratio and
small artifacts, which makes the EEG signal quality outstanding.
The CHB-MIT signal is collected from the scalp electrode, which
contains more noise and may result in reduced feature quality.
Due to the spatial averaging effect of the dura and skull [72], in-
tracranial EEG also includes features not observed in the scalp EEG,
and has a high signal-to-noise ratio and fewer artifacts. Besides,
the CHB-MIT is collected at the scalp electrode, which contains
more noise interference, furthermore, the focal area recorded by
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Table 10

Performance comparison of the CHB-MIT database seizure detection research and classification re-

sults.
Author Classifier Subjects  Sens (%)  Spec (%)  Acc (%)
Fergus et al. [67] LDA 23 88 88 -
Gill et al. [68] GMM 12 86.26 87.58 86.93
Ahammad et al. [69] Linear classifier 24 - 98.5 84.2
Zabihi et al. [70] LDA and Navie Bayesian 24 88.27 93.21 93.11
Kiranyaz et al. [71] CNBC 24 93 89 -
Khan et al. [73] LDA 5 83.60 100 91.80
Our DLWH 24 95.38 94.33 95.06

the brain electrode contains more redundant information, which Acknowledgments

may result in the extraction of low quality features.

By contrast, our research based on the sparse representation
classification of EEG signals gets the excellent performance, and
the ¢;-minimization for sparse coding takes less time than other
existing methods. Therefore, it is effective to avoid the problem of
the feature selection and improve the operation speed. Besides, it
will be expected to be applied to the clinic.

In future work, we will consider the post-process procedure to
the detection system, such as wavelet filtering, the differential fil-
tering, Kalman filter and kernel trick mentioned [38]. For example,
Khan et al. introduced the collar technology to compensate for the
missed seizures and make seizures more accurate [73].

7. Conclusions

In this paper, we have proposed a classification method for
epilepsy EEG signals with a dictionary learning based on the sparse
representation, rather than using the original training sample di-
rectly as a dictionary. First, we have employed the EEG training
sample set as the basis of sparse representation, and the dictio-
nary to obtain the sparse representation coefficient on the EEG by
homotopy algorithm. In this system, a test sample training set by
minimizing the ¢;-norm has been proposed. Finally, the EEG sam-
ple has been tested with a sparsely coded subject learning dic-
tionary. Then, the reconstruction errors of the seizures and non-
epileptic EEG training samples on the test samples are calculated
to determine the label of the test samples, which are used for mak-
ing the decision. Therefore, the classification method have avoids
some problems, such as the feature selection, and the information
carried by the EEG signal that is completely retained. Hence, its
fast speed makes sense for the real-time seizure detection. At the
same time, we have created the speed of operation, sensitivity and
specificity, as well as recognition accuracy improved to meet re-
quirements of automatic seizures detection. Lastly, the proposed
seizure detection system demonstrates the practical applications of
real-time function.
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