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Abstract: Epilepsy is a neurological disorder which affects the nervous system. Epileptic seizures are due to
sudden hyperactivity in certain parts of the brain. Electroencephalogram (EEG) is the commonly used modality
for the detection of epilepsy. Automatic seizure detection helps in diagnosis and monitoring of epilepsy
especially during long term recordings of EEG. This paper presents non linear analysis of EEG for the
detection of epilepsy using approximate entropy (ApEn). The proposed method involves ApEn measured from
EEG subbands applied as features to an artificial neural network (ANN) classifier. The ApEn measured from
delta, theta, alpha, beta and gamma subbands of normal EEG, ictal and inter ictal EEGs are used as features.
In the present work detection of epilepsy is considered as a two class problem. In the first case the classification
is done between normal and ictal EEGs and in the second case, classification is done between normal and inter
ictal EEGs. For both cases artificial neural networks with back propagation training are used as classifiers.
The classification accuracy of 100% is obtained for normal and ictal groups and that of 98.9% is obtained for
normal and inters ictal EEGs.

Keywords: Electroencephalogram (EEG), ictal and inter ictal EEG, approximate entropy, neural network
classifier.

I.  Introduction

Electroencephalogram (EEG) is clinically significant in treating patients with various neurological
disorders. EEG is a record of electric signals generated by the synchronous action of brain cells. Normally EEG
is recorded from the scalp. EEG signal is non-stationary. Epilepsy is one of the commonly observed neural
disorders among adults and children. EEG is the most useful and cost effective tool for the study of epilepsy.
Epileptic seizures are due to sudden excessive electrical discharges in a group of neurons. Epilepsy affects more
than 1% of the world’s population. The occurrence of epileptic seizure is random and affects the normal
functioning of the brain. The EEG recordings of patients suffering from epilepsy are grouped into inter ictal and
ictal. Signal recorded between epileptic seizures is called inter ictal EEG and the signal recorded during an
epileptic seizure is called ictal EEG [1], [2].

Diagnosis of epilepsy generally involves visual inspection of the EEG recordings by a neurologist. This
is difficult for long term recordings. Subtle changes in EEG pattern is difficult to detect visually even by an
experienced neurologist. Automatic seizure identification has challenged researchers for more than two decades.
Various techniques have been proposed for the detection and prediction of epileptic seizure in EEG. Wavelet
transform based techniques are found useful in the detection of epileptic seizures [3], [4], [5]. AR modelling is
preferred for real-time processing and analysis of epileptic EEG [6], [7]. M. Han and L. Sun proposed an EEG
signal classification method based on relevance vector machine (RVM) and AR model [8]. S.Guzman et al.
explored the advantages of Independent-Component Analysis (ICA) and State-Space Modelling (SSM) in the
analysis of EEG [9]. M. T. Acar analyzed neuronal dynamics before and during epileptic seizures using adaptive
multivariate autoregressive model [10]. Empirical mode decomposition (EMD) based method is proposed by L.
Orosco [11].

Several processing techniques proposed and available in the literature assume that the EEG is
generated by a highly complex linear system, but functioning of brain is non-linear. As non-linearity in the brain
is introduced even at the cellular level, non-linear dynamical analysis technique may be a better approach than a
traditional linear method to understand the EEG dynamics [12].

ApEn indicates complexity of a signal. This parameter helps in understanding the non linearity of the
signal and hence the non linear dynamics of the underlying generating system. ApEn is a very good measure for
understanding biological signals [13], [14]. EEG becomes more rhythmic during epileptic seizure. This property
is used in detecting seizure in the proposed method. ApEn value indicates the irregularity of a signal; higher
value indicates more complexity or irregularity. ApEn value drops during seizure. This property is used by some
researchers [15], [16], [17]. ApEn measured in wavelet domain can also discriminate epileptic EEG from
normal EEG [18], [19], [20]. ApEn is used to find localization of epileptic foci [21].
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Il.  Approximate Entropy

The ApEn, first proposed by Pincus [13], is a statistic used to quantify the unpredictability of
fluctuations in both deterministic and stochastic signals. It is a measure which can quantify the complexity or
irregularity of the signal. ApEn is less sensitive to noise and can be used for short-length data. In addition, it is
resistant to short strong transient interferences such as spikes. A lower value of ApEn indicates that the time
series is more rhythmic; a higher value indicates more randomness.

Two parameters are to be fixed to calculate ApEn, r and m. The parameter r is the similar tolerance or
filter factor. The general procedure is to set r to be 0.2 times the standard deviation of the data. But for
comparison of two data sets r value should be same for both data sets [14]. The parameter m is the "embedding
dimension". Generally the value of m is chosen to be 1, 2, or 3. The input data for the computation of ApEn is a
time-series with typically between 100 and 5000 samples [5].

The algorithm for calculating the ApEn of a time series X is as follows.

1 consider the sequence, X = x(1),x(2),x(3) ...... x(N) with N data points,
2 let x(i) be a subsequence of X such that x(i) = [x(i),x( + 1), ....,x(i + m — 1)]
for 1 <i < (N —m), where m represents the samples in the sub sequence.
3 define the distance d(x;, x;) between two vectors x; and x; such that
d(x;, %) = max_y 5 X0 +k—1) —X( + k —1)]
4 for a given vector count the number x;, j = 1,2,....N —m+1, j # i such that d(xi,x]-) <r
let this count be N™ (i), where r the predefined threshold.
compute the ratio C* (i) = N™ (i)/N —m + 1
5 compute the natural logarithm of €™ (i) and find the average over all values of i,

0" (1) = s S In P ()

6 repeat above steps to calculate C;**1(i) and @™*! (r) by increasing the dimension to m + 1
ApEn is calculated as  ApEn = @™ (r) — @™+ (r).

~

I11.  Data And Methodology
3.1 Dataset description:

The standard data set described by Andrzejak et al [22] is used in the present work. This dataset
consists of five subsets Z, O, N, F, and S. Each subset consists of 100 single-channel EEG segments of 23.6 s
duration. The signals are sampled at 173.61 samples per second with 16-bit resolution. Sets Z and O consists of
EEG recordings acquired from the scalp of five healthy volunteers, with eyes open and closed, respectively. Z
and O have been recorded extra cranially. Subsets N and F consists of Inter- ictal EEGs (seizure free interval). S
contains ictal EEG (EEG recorded during seizure), sets N, F, and S have been recorded intra cranially. The
subsets Z, S, F are used for the present work. Time domain plots of subbands of normal EEG, inter ictal EEG
and inter ictal EEG are shown in Fig. 1a, Fig.1b and Fig.1c respectively.
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Fig.1a Subbands of a sample normal EEG in time domain

www.iosrjournals.org 22 | Page



EEG Subband Analysis using Approximate Entropy for the detection of Epilepsy

delta
100 T
0
100 | | . . .
0 200 400 600 800 1000 1200
theta
50 T
0
_50 L L L L L
= 200 400 600 800 1000 1200
=
3 alpha
2 50 ‘ ‘ : ‘ ‘
2 0
% _50 L L L L L
[} 200 400 600 800 1000 1200
5]
5 beta
50 T T T T T
0
_50 L L L L L
200 400 600 800 1000 1200
gamma
10 T T T T
omwwwuwwmwwwww Y e e S A e s *‘
_10 L L L L L
0 200 400 600 800 1000 1200

Time (1 unit=1/173.61 seconds)

Fig.1b Subbands of a sample inter ictal EEG in time domain
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Fig.1c Subbands of a sample ictal EEG in time domain

3.2 Classifier

Artificial neural networks are computing systems made up of large number of simple interconnected
processing elements called neurons. ANNs are widely used tool for classification. The advantages of neural
networks are that, they are self adaptive in learning, robustness, self organization, and generalization capability.
They are data driven and can approximate any function with an arbitrary accuracy [16]. In the present work, a
three layer feed-forward back propagation neural network is trained with ApEn feature vectors to detect and
classify normal, inter ictal and ictal EEGs. ApEn of delta, theta, alpha, beta and gamma subbands are computed
separately and combined as a feature vector for each class. The schematic of the artificial neural network is
shown in Fig. 2.
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Fig.2 Schematic of a feed forward artificial neural network.

The neural network is trained using back propagation algorithm. In this method, the weights are
randomly chosen and the ANN output is compared to the desired output. If the error is more, the connecting
weights are modified. This process is continued until the error is less than a preset threshold. Performance of an
ANN is evaluated by Sensitivity (SE), Specificity (SP) and Classification accuracy (CA). These parameters are
defined as follows

Sensitivity, SE(%) = :ﬁ x 100
AP

Tcp = total number of correctly detected positive patterns
T,p = total number of actual positive patterns

Specificity, SP(%) = ;ﬂ x 100
AN

Tcy = total number of correctly detected negative patterns
T,y = total number of actual negative patterns

T,
Classification Accuracy, CA(%) = g % 100

APP

Tcpp = total number of correctly detected patterns
Typp = total number of applied patterns

IV. Results

ApEn values are computed for the datasets Z, S and F. From each data set, 300 EEG segments of 1024
samples are used for the computation. The values of m and r used for the computation of ApEn are 2 and 0.1
respectively. Butterworth filter is used to separate the EEG subbands. ApEn of delta, theta, alpha, beta and
gamma subbands are computed separately and combined as a feature vector for each class. ApEn values of first
100 EEG segments used for the analysis in each class are plotted in Figures 3 and 4 respectively. A set of 300
feature vectors corresponding to classes Z and S are used for training and testing the BPNN. Out of 300, 70% is
used for training and 30% is used for validation and testing. A Classification accuracy of 100% is obtained. A
Similar procedure is used for the classes Z and F. A classification accuracy of 98.9% is obtained. The error
curves for the Z-S classifier and Z-F classifier are shown in Figures 5 and 6 respectively.
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Fig. 3 Sample ApEn values of the normal and ictal EEG sub bands
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Fig.4 Sample ApEn values of the normal and inter ictal EEG sub bands

Best Validation Performance is 1.3069¢-006 at epoch 28
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Fig.5 Mean square error curve for the Z, S classification
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Best Validation Performance is 0.021847 at epoch 15

Mean Squared Error (mse)

Fig.6 Mean square error curve for the Z, F classification

TABLE 1 Performance of the proposed classifier

Class Classification ~ Accuracy Sensitivity Specificity
Normal- ictal (Z,S) 100 % 100 % 100 %
Normal - inter ictal 98.9 % 97.4 % 100 %

V.  Discussion
ApEn which is a non linear statistic helps in understanding the non linear dynamics of the signal there
by helps to understand the dynamics of the underlying system which generates the signal. Our approach is to
compute the ApEn of the EEG sub bands and to use as features. The ApEn computed from delta, theta, alpha,
beta and gamma sub bands are combined and used as feature vector.
Table 2 presents a comparison of our method and the methods proposed by other researchers. For comparison,
the methods that are evaluated using the same data set are included.

TABLE 2 Comparison of the performance of the methods proposed by other
Methods proposed by other Researchers

Authors Dataset Classification Accuracy %
Nigam et al [23] zZ,S 97.2
Srinivasan et al [24] Z,'S 99.6
Kannathal et al.[25] Z,'S 92.22
Polat et al [26] Z,'S 98.72
Subasi [27] Z,'S 95

Alexandros T. Tzallas et al[28] Z,'S 100

Srinivasan et al [16] Z,S 99.35-100

Proposed method

Dataset Classification Accuracy %
Z,S 100
ZF 98.9

The proposed methodology achieves 100 % classification accuracy in detecting ictal EEG from normal
EEG. Methods proposed in [16] and [28] also claim 100% accuracy. Srinivasan et al[16] used the approximate
entropy as the parameter and ELMAN Neural network and Probabilistic Neural network as classifiers. The
approach of the proposed method is computationally simple and different. We have used a three layer ANN
with back propogation , and ApEn computed from EEG subbands are used as features. The method proposed
can also detect inter ictal EEGs from normal EEG. Accuracy of 98.9% is obtained in classifying normal and
inter ictal EEGs. Related works [18], [19], [20] used ApEn as a feature, but exclusive Z-F classification
accuracy is not available.

VI.  Conclusion
We have presented a new approach for detecting epileptic EEG using ApEn, a statistic which helps to
quantify the non linear dynamics. During ictal period EEG pattern consists of rhythmical waveforms for a wide
variety of frequencies. This change in EEG pattern is explored in the present work. We have utilized the
property that the value of the ApEn drops sharply during an epileptic seizure. We have proved that ApEn values
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computed from EEG subbands delta, theta, alpha, beta, gamma can be used as feature set in detecting ictal and
inter ictal EEGs.These features when combined can give better result as compared to the features extracted from
EEG alone. An extension of the proposed method is to detect preictal EEG so that prediction of seizure is

possible.
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