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CHAPTER 1

General Introduction
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Telehealthcare service establishes a close connection between the special-

ist and patients in rural areas and resource-constrained populations, especially

in developing countries ensuring an improvement in the quality of living.

Among neurological disorders, epilepsy is the third most neurological dis-

order, affecting 1% of the world population [1]. The connection between rural

and sophisticated hospitals needs co-ordination and infrastructure in terms of

network connectivity, real-time access to data and necessary clinical diagnosis

to treat epilepsy patients. Therefore, remote monitoring of epilepsy patients

using continuous electroencephalogram (EEG) recordings and evaluation us-

ing state-of-the-art machine learning concepts benefit the epilepsy patients to

improve their quality of life. This thesis provides a mobile-based framework

for automated detection of epileptic seizures for remote monitoring of epilepsy

patients.

An epileptic seizure is a sudden discharge of electrical activity in the brain

that causes temporary brain dysfunction and recurrent unprovoked seizures

leading to epilepsy [2, 3]. Epilepsy can be treated in various ways, such as

medication, vagus nerve stimulation, deep brain stimulation of the anterior

nucleus of the thalamus [4], responsive neurostimulation, and dietary therapy

[1, 5]. The seizure traces can be identified using EEG, electrocorticography

(ECoG), stereo-EEG and non-invasive imaging techniques (e.g., PET, SPECT,

and fMRI). EEG is the gold standard for the classification of seizures and the

diagnosis of epilepsy. [2, 6, 7, 8, 9, 10]. Evaluation of long-term EEG in re-

mote monitoring provides an insight of epilepsy patients in terms of frequency

of seizures, seizure onset, and type of seizure, which helps the neurologist to

make further clinical decisions.



6

Manual intervention of long-term EEG recordings is cumbersome and time

consuming for a neurologist to recognize seizures from EEG time series. There-

fore, introducing an automated seizure detection system minimizes neurologist

involvement and speeds up the treatment procedure. In order to obtain the gen-

eralized seizure detection algorithm, the algorithm must be tested on several

databases with a good number of epileptic seizure events. Further, the classi-

fication of seizure types is a great asset in presurgical evaluation to make the

further clinical follow-up. Such attempts have not been made in the existing

studies. Hence, the proposed study attempts to overcome the above limitations

through the application of novel features and supervised machine learning al-

gorithms using five EEG recordings collected from different centers.

1.1 The 10-20 system

Small metal discs usually made of stainless steel, tin, gold or silver covered

with a silver chloride coating are placed on the scalp in special positions to

record EEG signals. These positions are specified using the International 10-

20 system as shown in Fig. 1.1. The "10" and "20" refer to the actual distances

between adjacent electrodes are either 10% or 20% of the total front-back or

right-left distance of the skull.

EEG montages: Montage is the placement of the electrodes. The EEG

can be monitored with either a bipolar montage or a referential one. Bipolar

has two electrodes per one channel and referential montage has a common

reference electrode for all the channels. Electrode placements as per Interna-

tional 10-20 system are Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5,

P3, Pz, P4, T6, O1, and O2.
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Fp1
Fp2

F7
F3 Fz F4

F8

T3 C3 Cz C4 T4

T5
P3 Pz P4

T6

O1 O2

A1 A2

F-Frontal lobe

T-Temporal lobe

NASION

INION

C-Cental lobe

Fp-Frontal pole lobe

O-Occipital lobe

P- Parietal lobe

FIGURE 1.1: The International 10-20 system electrodes placement common av-
erage montage followed in our study. Even numbers (2,4,6,8) and odd numbers
(1,3,5,7) refer to electrode positions on the right and left hemisphere respectively.

The letter ’z’ refers to an electrode placed on the midline.

FIGURE 1.2: An example of referential montage scalp EEG recordings collected
from Ramaiah Medical College and Hospital.
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1.2 EEG

EEG signal contains useful information on physiological states of the brain

and has proven to be a potential biomarker to realize the complex dynamic

behavior of the brain. EEG waveforms are classified according to their ampli-

tude (µv), frequency (delta (< 4Hz), theta (4 − 8Hz), alpha (8 − 12Hz),

beta (12 − 30Hz) and, gamma (> 30Hz)) and shape [3, 6]. EEG is the

gold standard for the classification of seizures and the diagnosis of epilepsy

in terms of cost, safety, painless and efficient temporal resolution [2, 6, 7,

8, 9, 10, 11]. The morphological shape of seizure EEG are spikes (20-70

ms), sharp waves (70-200 ms), and spike-and-wave discharges (a spike fol-

lowed by a slow wave) referred to as epileptic waves [1, 12, 13]. In other

words, seizure onset is characterized by a sudden change in frequency and

the appearance of a new rhythm. Spikes and sharp wave EEG in a specific

area of the brain relates to focal seizure, whereas spike-and-wave discharges,

which widely spread over both sides of the brain are referred to as general-

ized seizures. Therefore, proposing a discriminating feature that is capable of

separating normal and epileptic seizures is the most essential and challenging

procedure.

1.3 Seizure types

Epileptic seizures are caused by a disturbance in the electrical activity of the

brain, which is classified into focal, generalized, and unknown [13, 14]. Focal

seizures start on one side of the brain and depending on the patient’s level of

awareness during a seizure, it is again classified as simple partial and complex
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partial seizures [15, 16]. Generalized seizures affect both sides of the brain at

the same time and again divided into absence, tonic, atonic, clonic, and tonic-

clonic, myoclonic seizures [13]. Generalized seizures are classified based on

motor symptoms and non-motor symptoms that involve movement [13, 15,

16]. Motor symptoms include jerking movements (clonic), muscles becoming

tense or rigid (tonic), muscles becoming weak or limp (atonic), and brief mus-

cle twitching (myoclonic) [13, 15, 16]. Unknown seizures are the ones when

the beginning and where the seizure starts is not known [15, 16]. Accurate

classification of epileptic seizure type plays a crucial role in the treatment and

disease management of epilepsy patients [17].

1.4 Visual analysis of long-term EEG

In the EEG time series, the appearance of traces of spikes or sharp waves

do indicate the reflection of seizure activities. The routine EEG shows the

temporal and spatial information regarding brain activity, which is used to

diagnose, monitor, and localize the epileptogenic focus. A thorough inspection

of the long-term EEG recordings is necessary to recognize the abnormal EEG

patterns for presurgical evaluation. However, this procedure is found to be

time-consuming, costly and leading to human errors since epileptic activities

present in a small percentage of the entire data [9, 18, 19, 20]. Thus, an

efficient algorithm that detects brain abnormalities with precise and accurate

results would benefit neurologists in saving time and increasing efficiency.

High-frequency oscillations (HFOs) between 80 and 500 Hz have proven

particularly important and useful markers for the epileptogenic zone. HFOs

show promise for improving surgical outcomes and accelerating intracranial
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EEG investigations but not on scalp EEG. Despite promising results, HFOs are

not a routine clinical procedure due to the uncertainties about the mechanisms

of generation, methods of analysis, and clinical applicability. Therefore, we

focus on scalp EEG in our thesis for seizure detection.

1.5 Feature extraction

Feature extraction is one of the major steps in developing a machine learning

algorithm for an automated seizure detection model. The features extracted

from the EEG signals should be capable of well discriminating seizure and

non-seizure activities. Most importantly, the feature should be computation-

ally efficient that leads to low detection delay of seizure recognition. It was

reported that features like approximate entropy, sample entropy, Lyapunov ex-

ponent, multi-variate features derived from wavelet transforms and empirical

mode decomposition are computationally expensive [18, 21, 22]. Therefore,

we propose three new feature namely, matrix determinant (MD) (Chapters 2,

6 and 7), successive decomposition index (SDI) (Chapters 3, 6 and 7), and

sigmoid entropy (Chapters 4 and 5) that are well discriminate the seizure and

non-seizures activities being computationally efficient.

1.6 Classification

The classification is a supervised learning approach in which the algorithm

learns from the data input given to it and then uses this learning to classify
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new observations. A supervised learning algorithm learns from labeled train-

ing data, helps to predict outcomes for unforeseen data. Support vector ma-

chine (SVM) is a supervised machine learning algorithm and it classifies the

data by finding the best hyperplane that differentiates the two classes very well

[23]. The SVM classifier was trained with the predefined class labels of 0 and

1 by experts for normal and epileptic seizures EEG respectively. In Chapter

2, SVM, K-nearest neighbor (K-NN) and multi-layer perceptron (MLP) were

used and later SVM only used due to the better results observed. The perfor-

mance of the epileptic seizure detection algorithm was evaluated in terms of

sensitivity, specificity, accuracy, false detection rate, median detection delay,

F measure, Cohen’s Kappa coefficient, and area under the receiver operating

characteristics curve.

1.7 Objectives

Existing studies on seizure detection have validated their algorithms using

cross-validation on the same database and no attempts have been made to ex-

tend their work on other databases to test the generalization capability. The

foremost objective of this thesis is to introduce an optimal database-independent

classification model for seizure detection using cross-database evaluation lead-

ing to mobile-based analysis for remote monitoring and classification of seizure

type. As a state of the art approach, three novel features which are better than

existing features and a novel algorithm for feature baseline correction (FBC)

have been introduced in this thesis. Further, the classification of seizure types

using a convolutional neural network (CNN) based transfer-learning approach

has been proposed. The final goal of this thesis is to assess the efficiency of
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smartphones for seizure detection, which can be deployed for remote monitor-

ing of epilepsy patients.

1.8 Outline of the thesis

In this section, the relation between the subsequent chapters is described. In

the first three chapters, the introduction of novel features namely MD, SDI,

and sigmoid entropy were discussed respectively. A novel FBC method was

introduced to overcome inter-subject variability in Chapter 6. An Optimized

cross-database evaluation was proposed in Chapter 7 using FBC for inter-

database variability. Chapters 8 and 9 discusses classification of seizure de-

tection using CNN based transfer learning. The feasibility of smartphones for

remote monitoring of epilepsy patients was studied in Chapter 10.

Chapter 1 gives the general introduction about the thesis including problem

statement, objective, and outline of the thesis. Chapter 2 introduces a novel

feature referred to as MD and evaluated using eleven classification problems

on the UBonn database. The classification was performed using SVM, K-NN,

and MLP with 10-fold cross-validation. The effect of different square matrix

order on classification results was studied. Both equal and unequal numbers

of observations were used to perform the classification task. Further, the MD

feature was implemented on the RMCH database. The results of this chapter

were the basis that MD can be a potential biomarker for seizure detection.

Another novel feature referred to as SDI based on the determinant of the

square matrix introduced in Chapter 3. The algorithm was tested on multi-

ple EEG databases proving the robustness. Relative performance in terms of

time complexity and classification results were discussed. Comparison of SDI
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feature with wavelet energy derived from wavelet decomposition and existing

feature extraction methods was performed.

Chapter 4 describes another novel feature referred to as sigmoid entropy

derived from discrete wavelet transforms (DWT) coefficients. A thorough in-

vestigation was performed to identify the best wavelet and decomposition level

(sub-band) using five wavelets. This chapter also describes the results of the

segment-based and event-based classification approach. Analysis of Cohen’s

Kappa coefficient was performed on seizure detection. The performance of

sigmoid entropy was compared with other entropy methods like Shannon en-

tropy, Renyi entropy, and Tsallis entropy.

We have investigated six entropies, namely sigmoid, Shannon, wavelet,

Renyi, Tsallis, and Steins unbiased risk estimator (SURE) entropies derived

from maximal overlap discrete wavelet transform (MODWT) using different

wavelets and decomposition levels in Chapter 5. The effect of the decomposi-

tion level on energy was studied for all the six entropies.

Chapter 6 introduces a novel approach referred to as adaptive median fea-

ture baseline correction (AM-FBC) to overcome inter-subject variability. Var-

ious classification scenarios using outliers removal and correction, AM-FBC,

and post-processing of classifier output were studied to identify the optimal

classification model. We have also investigated the effect of outliers on classi-

fication results and loss of diagnostic information.

Chapter 7 introduces an optimal cross-database approach using five EEG

databases based on AM-FBC to overcome inter-database variability. Differ-

ent classification scenarios were considered using AM-FBC, smoothing of the

train and test data, and post-processing of the classifier output to improve the
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seizure detection results. AM-FBC was applied to the subject’s level and then

to the database level separately. The SVM classifier was trained and tested

with a leave-one-database-out cross-validation approach.

Chapter 8 describes the preliminary work of classification of seizure types

using CNN based transfer learning approach which includes simple partial,

complex partial, focal non-specific, generalized non-specific, absence, tonic,

and tonic-clonic, and non-seizures. In Chapter 9, different pretrained net-

works such as Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet, Inceptionv3,

Densenet201, Resnet18, Resnet50, and Resnet101 were studied for best per-

formance. The two different methods were proposed using CNN: (1) Transfer

learning using a pretrained network, (2) Extract image features using a pre-

trained network and classify using the SVM classifier.

Chapter 10 investigates the feasibility of smartphones for processing larger

EEG recordings for the application towards remote monitoring of epilepsy

patients.

Finally, general discussion alongside clinical significance, limitations, fu-

ture directions and concluding remarks were made in Chapter 11.
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A novel approach for classification of

epileptic seizures using matrix determinant
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Abstract

Objective: An epileptic seizure is recognized as a neurological disorder caused

by transient and unexpected disturbance resulting from the excessive syn-

chronous activity of the neurons in the brain. Analysis of epileptic seizures

derived from long-term recordings of electroencephalogram (EEG) is cum-

bersome and time consuming for a neurologist. Therefore, introducing an au-

tomated detection system surrogate the neurologist involvement all time and

speed up the treatment procedure.

Methods: This study introduces a matrix determinant of EEG as a signifi-

cant feature for recognition of epileptic seizures. Initially, artifact-free filtered

EEG time series was arranged sequentially to form a square matrix of order,

namely 13, 16, 23, and 32 and determinant was estimated. Assumed that the

total elements in the square matrix represent a typical segmentation length.

The experiment was conducted using EEG database obtained from the Uni-

versity of Bonn and Ramaiah Medical College and Hospital (RMCH). In total,

eleven classification problems among non-epileptic group and epileptic EEG

were composed to examine temporal dynamics of brain activity in different

states of the epileptic activity. Next, the extracted feature was classified using

support vector machine (SVM), K-nearest neighbor (K-NN), multi-layer per-

ceptron (MLP) classifiers with 10-fold cross-validation.

Results: Experimental results revealed the highest classification accuracy of

99.45% (using University of Bonn) and 97.56% (using RMCH). between nor-

mal and epileptic EEG. In addition, other classification problems and matrix
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orders showed better results using all the classifiers. Further, descriptive anal-

ysis, histogram plot in polar coordinates and the bivariate histogram analysis

was performed. In conclusion, matrix determinant found to be a potential

biomarker for the real-time detection of epileptic seizure with minimal com-

putational complexity.

2.1 Introduction

An epileptic seizure is considered as a neurological disorder caused by tran-

sient and unexpected disturbance resulting from the excessive synchronous

activity of the neuron in the brain. According to the World Health Organiza-

tion, 50 million of the world population suffering from epilepsy [1]. Globally,

an estimated 2.4 million people are diagnosed with epilepsy each year [1].

The rapid growth in the patient ratio each year indicate the need for robust

automatic seizure detection technique from EEG signals. In recent times, au-

tomated classification and detection of an epileptic seizure using novel and

efficient algorithms have become a challenging task for the biomedical engi-

neering community. It is a well-known fact that long-term EEG for the visual

interpretation by neurologists is tedious and cumbersome. Thus, an efficient

algorithm which detects the brain abnormalities with precise and impressive

results would benefit neurologist in saving their time and handling more pa-

tients. In the past, various feature parameters have been proposed for the anal-

ysis of EEG signals. It was noticed that the majority of the existing approaches

relies on decomposing the EEG signal into several levels to attain better classi-

fication results leads to the tedious procedure. Therefore, in this study, for the
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first time matrix determinant of EEG was used for classification of epileptic

seizure EEG and found to be the most straightforward approach.

The rest of the paper is organized as follows. The related background of

the study is reported in Section 2. The proposed methodology is described

in Section 3 includes a dataset description, the matrix determinant feature,

classifiers and performance measures. Section 4 provides the simulation re-

sults obtained. In Section 5, discussion on proposed work and its comparison

with state-of-the-art methods was reported. Section 6 concludes with overall

remarks [24].

2.2 Related background

Many researchers have proposed several feature extraction methods for the

automated detection of epileptic seizure from EEG signals [2, 9, 24, 25, 26,

27, 28, 29]. There is a need to review the state-of-the-art methods, to under-

stand the importance of current state, future trends, and limitations in existing

approaches. Gotamn [2] proposed a computerized algorithm for detection of

seizures. Later, in [24, 26, 29] different approaches to make the neurologist

job easier in analyzing long-term EEG was proposed. Approximate entropy

(ApEn) with Elman neural network classifier showed a 100% classification

accuracy at the cost of computational expensive [27].

Islam et al. [30] developed threshold-based decision-making algorithm for

artifact removal from scalp EEG. Impressive results achieved using sample

entropy with support vector machine (SVM) classifier. Samiee et al. [28]
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reported an adaptive and localized time-frequency representation of EEG sig-

nals using rational functions. They proposed a novel feature extraction ap-

proach derived from rational discrete short-time Fourier transform (DSTFT)

and showed a classification accuracy of 98.1% using MLP classifier. Zhou et

al. [31] proposed an algorithm for intracranial EEG seizure detection using

lacunarity and Bayesian linear discriminant analysis (BLDA). In this method,

wavelet decomposition of EEG with five scales “Daubechies 4" mother wavelet

was used. Results showed a sensitivity of 96.25% and a false detection rate of

0.13/h with a mean delay time of 13.8 s. Another study introduced multi-stage

seizure detection system using morphologies of seizures with the average sen-

sitivity of 87.5% for five patients with 24 seizures [32]. One of the recent study

[21], proved the presence of line noise in the University of Bonn database

[33] with the evidence of spectrogram and power spectral density, the same

was eliminated using least mean square adaptive filter technique. The wavelet

packet based derived log energy and norm entropies feature using recurrent

Elman neural network classifier attained a classification accuracy 99.70%.

Bhattacharyya et al. [34] proposed automatic burst detection in the neona-

tal EEG using features such as the ratio of mean nonlinear energy, power spec-

tral density, variance, and absolute voltage. These features showed a high

degree of separability between burst and normal (non-burst) EEG segments

using the SVM classifier. Remarks made in this approach was, the algorithms

based on the predefined static voltage or energy thresholds become too spe-

cific. Zeng at al. [35] have employed compressive sensing principle for rec-

ognizing inter-ictal, pre-ictal, and ictal EEG-based epileptic seizures. Sample

and permutation entropies with Hurst index features were applied along with
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four variant classifiers, and significant features were selected using an ANOVA

test. The performance results obtained were quite promising and confirmed its

suitability for telemonitoring of epileptic patients. Best result was achieved

using discriminant analysis of compressed sensing structure similarity feature

(CS-SSIM). Attempts have been made using wavelet-based entropy [36, 37]

and other time-frequency based features [38]. for seizure detection. Recently,

13-layer deep convolutional neural network algorithm was implemented to de-

tect normal, preictal, and seizure classes [39]. This algorithm achieved the

accuracy, specificity, and sensitivity of 88.67%, 90.00% and 95.00%, respec-

tively. Multivariate empirical mode decomposition and artificial neural net-

work (ANN) based algorithm was shown better results [40]. In our previous

work, threshold-based seizure detection was proposed using a novel approach

called minimum variance modified fuzzy entropy [19].

University of Bonn database is one of the widely used standard database

for automated detection of epileptic seizures. Refer Section 3.1 for detailed

information on the database. Using this database, different classification prob-

lems have been formed to classify healthy vs. epileptic EEG.

Bhardwaj et al. [41] extracted features by decomposing EEG signal using

empirical mode decomposition (EMD), and constructive genetic programming

(CGP) was adopted for classification. Seven different classification problems

were classified using discrete wavelet transform (DWT) based features and

SVM classifier [42]. Different attempts like, smoothed pseudo-Wigner-Ville

distribution (SPWVD) and artificial neural networks [38], tunable-Q factor

wavelet transform (TQWT) and bootstrap aggregating [43], analytic time- fre-

quency flexible wavelet transform (ATFFWT) [44] dual-tree complex wavelet
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transform (DTCWT) [45], Complex-valued neural networks (CVNN) [46],

DWT based ApEn and SVM [47], Teager energy based filter-bank cepstra (TE-

FB-CEPs) [48], linear least squares preprocessing and LibSVM [49], multi-

wavelet based ApEn and ANN [50], and DWT based ApEn [51] made using

the same database with more than five classification tasks. Local mean decom-

position (LMD) based hybrid features were classified using genetic algorithm

support vector machine (GA-SVM) classifier and achieved the average clas-

sification accuracy of 98.10% in all five classification cases. Similarly, meth-

ods like temporal and spectral features in the EMD domain with SVM [52],

wavelet transform (WT) based linear and nonlinear features with SVM, and

complex weighted network combined with the statistical features with least

square support vector machine (LS-SVM) [53] was proposed. The different

classification problems formed in the existing studies are shown in Table 2.1.

In total, eleven classification problems were formed in the present study based

on the previous approaches.

In the study [54], matrix determinant was used as a feature for fault de-

tection in power transmission lines using SVM as a classifier. Matrix deter-

minant was used to perform a Hyperspectral image spatial classification [55].

In which, hyperspectral data converted into a gray scaled HSV image and a

normalized difference vegetation index representation. Afterwards, Haralick

texture features were computed for both pictures, and the resulted features

vectors were fused in calculating the determinants of the matrices composed

of these characteristics.
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From the literature survey it was understood that maximum of seven clas-

sification problems were considered on University of Bonn database in previ-

ous studies (refer to Table 2.1). In our proposed study, eleven classification

problems were considered. In addition, novel feature referred as matrix de-

terminant has been proposed for seizure detection. Most of the studies have

applied their algorithm on single database. But, the proposed algorithm was

tested on second database collected from Ramaiah Medical College and Hos-

pital (RMCH), Bengaluru, India.

2.3 Material and method

2.3.1 EEG dataset

The proposed approach was evaluated using EEG recordings collected from

publicly available database from University Bonn, Germany [33]. This database

consists of five subsets namely set A, set B, set C, set D and E (the same

database was also labelled as Z, O, N, F, and S respectively) with each con-

taining 100 single channel EEG of 23.6 seconds at 173.61 Hz sampling rate

from five different subjects. In our study the EEG datasets namely set A, B, C

and D were grouped as non-epileptic and set E as an epileptic condition [47,

48]. In total, EEG dataset contains 39.33 minutes of epileptic seizures data and

157.32 minutes of non-epileptic data. One can refer to [33] for more details

on this dataset. Fig. 2.1 shows non-epileptic and epileptic seizure EEG signals

used in this study. Table 2.2 shows the further details of the EEG database.
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TABLE 2.1: Different classification problems constructed in existing studies using
University of Bonn database

Author Classification problems Method

[39] A-E 13-layer deep CNN
[56] A-E, A-C CNN
[57] A-E, B-E, C-E, D-E, ABCD-E CNN

AB-CD, AB-CDE, AC-E
[41] A-E, ACD-E, ABCD-E, EMD and CGP

AB-CD-E, A-B-C-D-E
[42] A-E, AB-E, CD-E, A-CDE, DWT and SVM

ACD-E, AB-CDE, ABCD-E
[38] A-E, AB-CD-E, ABCD-E, SPWVD and ANN

A-C-E
[43] A-E, C-E, D-E, ABCD-E, A-D-E TQWT and bootstrap

AB-CD-E, A-B-C-D-E aggregating
[45] A-E, C-E, D-E, ABCD-E, A-D-E DTCWT

AB-CD-E, A-B-C-D-E
[47] A-E, B-E, C-E, D-E, ACD-E, DWT based ApEn

ABCD-E and SVM
[28] A-E, B-E, C-E, D-E, AC-E, DSTFT and MLP

ABCD-E
[48] A-E, ABCD-E, ACD-E, A-C-E, TE-FB-CEP feature

AB-CD-E, CD-E, A-B-C-D-E vectors and RBFNN
[49] A-E, B-E ABCD-E, ACD-E Linear least squares

preprocessing and LibSVM
[50] A-E, ABCD-E, ACD-E Multiwavelet based ApEn

and ANN
[58] A-E, D-E, ABCD-E, A-D-E, LMD based hybrid features

A-B-C-D-E and GA-SVM
[53] A-E, B-E, C-E, D-E, AB-E, Weighted complex network combined

CD-E, ACD-E, ABCD-E with statistical features and LS-SVM
[52] A-E, D-E, ABCD-E, Temporal and spectral Features

A-D-E, AB-CD-E in EMD domain and SVM
[59] A-E, A-D-E, AB-CD-E, WT based linear and nonlinear

ABCD-E, A-B-C-D-E features and SVM
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FIGURE 2.1: Plot shows 23.6 seconds single channel EEG signal of (a) Set A (b)
Set B (c) Set C (d) Set D (d) Set E. The x-axis indicates times in seconds and y-axis

indicates amplitude in µ V.
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TABLE 2.2: Summary of University of Bonn EEG database used in this study

Subject
Five healthy subjects Five epileptic subjects

Set A Set B Set C Set D Set E
Other notations Z O N F S
used in different
studies
Patient type Healthy Healthy Seizure free Seizure free Seizure activity

(eye open) (eye closed) (interictal) (interictal) (ictal)
Patient state Normal Normal Pre-ictal Post-ictal Epileptic
Electrodes type 10-20 system 10-20 system Intracranial Intracranial Intracranial
Electrodes Surface Surface Within Opposite to Within
placement epileptogenic epileptogenic epileptogenic

zone zone zone
No. of epochs 100 100 100 100 100
Each file 23.6 23.6 23.6 23.6 23.6
duration (s)

2.3.2 Proposed approach

There have been a large number of studies conducted in the past using one of

the open source standard database created by University of Bonn, Germany

[33], as well as other databases. It was observed that highest of seven classi-

fication problems were formed in the studies [42, 43, 45, 48, 53], whereas the

proposed study considered eleven classification problems. To the best of the

author’s knowledge, matrix determinant has not been considered as a feature

for recognizing EEG-derived epileptic seizures. Moreover, the time complex-

ity of the matrix determinant is O(n3), which is better than the features like

ApEn, sample entropy, Hurst exponent, and Lyapunov exponent.

Fig. 2.2 shows the schematic of the proposed technique for epileptic seizures

detection. In the present study, EEG time series was sequentially arranged

to form a square matrix. In order to estimate matrix determinant, the seg-

mentation length was chosen based on the square matrix (NxN, say) order,

N = 13, 16, 23 and 32, i.e. 169, 256, 529 and 1024 samples respectively.
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FIGURE 2.2: Matrix determinant based epileptic seizure recognition framework
providing a step-by-step overview. Equation (4) in section 3.3 shows the method to

obtained square matrix.

Three supervised learning algorithms, namely SVM, K-NN, and MLP with

10-fold cross-validation were used to classify all the eleven classification prob-

lems. More importantly, both equal and unequal numbers of observations were

used to perform the classification task. A total number of observations used for

classification for each matrix order and classification task are shown in Table

2.3. Finally, results of proposed approach were compared with state-of-the-art

methods using the same database.

In total eleven classification tasks were performed among epileptic EEG

(Set E) and non-epileptic EEG (Sets A, B, C, and D). Clinical significance to
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consider the eleven classification problems was to identify the distinct vari-

ation between epileptic vs. non-epileptic EEG. Therefore, following eleven

classification problems were considered for the study:

1. Classification of EEG sets {A}-{E}

2. Classification of EEG sets {B}-{E}

3. Classification of EEG sets {C}-{E}

4. Classification of EEG sets {D}-{E}

5. Classification of EEG sets {AB}-{E}

6. Classification of EEG sets {AC}-{E}

7. Classification of EEG sets {CD}-{E}

8. Classification of EEG sets {ACD}-{E}

9. Classification of EEG sets {ABCD}-{E}

10. Classification of EEG sets {A}-{C}-{E}

11. Classification of EEG sets {AB}-{CD}-{E}

2.3.3 Feature extraction using matrix determinant

Determinants of matrices are mathematical objects that are very useful in the

analysis and solution of systems of linear equations [60]. A determinant is

a real number associated with every square matrix [61]. The application of

matrix extensively used in the field of signal processing, machine learning and
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TABLE 2.3: Total number of observation used for different classification problems

Matrix order Matrix order Matrix order Matrix order
N=13 N=16 N=23 N=32

A-E ‖ 2424-2424 1600-1600 774-774 400-400
AB-E ‖ 2424-2424 1600-1600 774-774 400-400

∦ 4848-2424 3200-1600 1548-774 800-400
ACD-E ‖ 2424-2424 1600-1600 774-774 400-400

∦ 7274-2424 4800-1600 2322-774 1200-400
ABCD-E ‖ 2424-2424 1600-1600 774-774 400-400

∦ 9696-2424 6400-1600 3096-774 1600-400
A-C-E ‖ 2424-2424-2424 1600-1600-1600 774-774-774 400-400-400
AB-CD-E ‖ 2424-2424-2424 1600-1600-1600 774-774-774 400-400-400

∦ 4848-4848-2424 3200-3200-1600 1548-1548-774 800-800-400
Note: Sample size for B-E, C-E, and D-E is same as A-E, and for CD-E, and AC-E is same
considered as AB-E. For unbalanced observations class, equal number of observations were
from each dataset (e.g. for AB-E, A=2424, B=2424 and E=2424). Symbol ‖ indicates an
equal number of observations in both the classes, whereas ∦ indicates an unequal number
of observations.

much more [62], but determinants are hardly used. The determinant being

non-zero is equivalent to the matrix being invertible, whereas zero means the

matrix is not invertible. The physical interpretation of matrix determinant rep-

resents volume. The enormous amount of information captured by EEG during

epileptic activity which influences to rise in the matrix determinant acts as a

biomarker to identify those events.

In our research study, the matrix determinant was used as a feature to cre-

ate the distinction between normal and epileptic activity. The matrix deter-

minant feature captures the variation of the EEG signal amplitude w.r.t time.

In the proposed approach the matrix elements are chosen to be EEG time se-

ries which are one dimensional. Initially, artifact-free filtered EEG time series

were arranged sequentially to form a square matrix, and its determinant was

estimated. The total elements in the square matrix represent a segmentation

length. Let the EEG time series can be defined as
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x = {x1, x2, x3, x4, ......, xn} (2.1)

By taking absolute square i.e.

x = |x|2 (2.2)

For better clarity, the procedure with an order N = 13, i.e. 13x13 (r x c) square

matrix is considered, where the length of the EEG segment is 169 (which is

nearly equal to 1 second). The same procedure applies for other orders of the

matrices. Defining the matrix A from EEG time series with an order N = 13

(i.e. r=13 and c=13 ) as,

A =



x1 x2 x3 .. x13

x14 x15 x16 .. x26

. . . ........

. . . ........

x157 x158 x159.. x169


(2.3)

Generally for any matrix order with N = r = c, the sequential arrange-

ment of EEG time series into matrix form as follows,

A =



x1 x2 .. xr

xr+1 xr+2 .. xr+r

x2r+1 x2r+2 .. x2r+r

. . .. .

x(r−1)r+1 x(r−1)r+2 .. x(r−1)r+r


(2.4)
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where r is the square matrix order.

According to the property of determinants, it can be both positive and negative

[60]. To make features more worthy, absolute followed by the logarithm (base

10) of Det was taken i.e.

Determinant = log10 |A| (2.5)

Gauss elimination method was used due to its simplicity [63] to calculate the

determinant of higher order matrix. The Gauss elimination method uses a

sequence of elementary row operations (row reduction) to modify the matrix

until matrix elements below the principal diagonal filled with zeros [63]. The

following properties of determinant were considered for evaluation [64] for

suitability of the proposed feature for the EEG time series.

1.
∣∣AT

∣∣ = |A|
Hence the EEG time series can also be arranged in column wise also.

2. |B| = − |A|

If two rows are interchanged to produce a matrix B from matrix A, the

determinant remain same.

3. |A| = 0

A row where every entry is zero, or a column where every entry is zero.

4. |A| = 0

Suppose the square matrix with two equal rows, or two equal columns.
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1. EEG=data.*data; % Variable data has EEG samples

2. p=1;

3. r=13,c=13; % Assuming order of the matrix is 13x13

4. for i=1:r

5. for j=1:c

6. EEG_mat(i,j)=EEG(p);

7. p=p+1;

8. end

9. end

10. Determinant=log10(abs(det(EEG_mat)));

FIGURE 2.3: MATLAB pseudo code to arrange the EEG time series in square
matrix form and to compute its determinant.

5. |A| = 0

The matrix is singular if and only if |A| = 0

Due to its non-stationarity nature, the EEG time series cannot have zeros se-

quentiality or periodically, hence matrix determinant cannot become zero for

EEG time series data. Fig. 2.3 shows the pseudo code to convert EEG time

series into matrix form and calculation of determinant value in MATLAB plat-

form. The suggested code is very simple and straightforward, so that, it can be

implemented on any software platform with less computational requirements.
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2.3.4 Classifiers

To quantify the robustness and efficacy of the matrix determinant feature fol-

lowing three supervised learning algorithms were employed based on the pre-

vious best performances [9, 28, 42, 59, 65, 66, 67, 68]. The configuration of

the classifiers is briefly described in this section.

2.3.4.1 Support vector machine

SVM is a supervised binary classifier; the kernel function is used to find the

best hyperplane, which separates the training samples of binary class [23].

It was reported in the studies [9, 22, 65], that the quadratic kernel function

attained better classification results and same was adopted in the present study.

2.3.4.2 K-nearest neighbor

K-NN is a non-parametric lazy learning algorithm for both binary and multi-

classification [69]. K-NN algorithm is superior regarding ease to interpret the

output, calculation time and predictive power. In this work, 9 nearest neigh-

bors with Euclidean distance was used to compute the distance based on pre-

liminary study results.

2.3.4.3 Multi-layer perceptron

MLP is a feed-forward back propagation network, consist of an input layer,

hidden layer, and an output layer [70]. In the present work, optimal config-

ured MLP neural network functions were used from the study [66]. 10 hidden

neurons with tan-sigmoid at the hidden layer, pure linear at output layer and
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Levenberg-Marquardt as learning function was identified as optimal configu-

rations for the classification of epileptic EEG signals and same was used in

our study.

2.3.5 Performance measures

The classification was performed using K-fold (K=10) cross-validation, in

which, total observations are split into K folds. For each of K iterations, K-1

folds are used for training and a different fold for testing. The advantage of

K-fold cross-validation is that all the observations in the dataset are eventually

used for both training and testing. Finally, the performance of the algorithm

was evaluated regarding specificity (SP), sensitivity (SE), and classification

accuracy (CA), positive predictive value (PPV), and negative predictive value

(NPV) [71]. Following terminologies were derived from confusion matrix:

true positive (TP), false negative (FN), true negative (TN) and false positive

(FP).

SE(%) =
TP

TP + FN
(2.6)

SP(%) =
TN

TN + FP
(2.7)

CA(%) =
TP + TN

TP + FP + TN + FN
(2.8)

PPV(%) =
TP

TP + FP
(2.9)
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NPV(%) =
TN

TN + FN
(2.10)

2.4 Results

2.4.1 Descriptive analysis

Different matrix orders were considered for the experimental study. For better

brevity, the time series data were appended, and the matrix determinant feature

was estimated for the matrix order 13 [51]. Fig. 2.4 demonstrates the feature

distribution plot as good discrimination between non-epileptic and epileptic

EEG. In Fig. 2.4, the determinant values for epileptic epochs were higher

than normal epochs including Set C and Set D. This shows that epileptic EEG

using determinant feature is more distinguishable and predictable than normal

EEG. Fig. 2.5 shows the Boxplot of five EEG conditions for matrix orders

N = 13, 16, 23, and 32. It is clear that the matrix determinant feature derived

from dataset set E is higher as compared to the set A, whereas set C is lower

among all five datasets. Further, matrix determinant value is higher for set B as

compared to set A, even though both the EEG signals reflect normal condition

with differing in eye open and close respectively. Besides, Box plot results

show that the increase in the segmentation length or matrix order increase the

matrix determinant value.

The descriptive statistics of the matrix determinant feature regarding mini-

mum, median, maximum, mean, standard deviation (SD), lower quartile (Q1),

upper quartile (Q3), semi interquartile deviation (SID), and interquartile range
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FIGURE 2.4: Matrix determinant feature for each EEG condition for the matrix
order 13.

(IQR) was performed. The Q1 is the middle value in the first half of the rank-

ordered dataset, and it is also called as 25th% percentile. Similarly, Q3 is the

middle value in the second half of the rank-ordered dataset, and it is also called

as 75th% percentile. Then, IQR is the difference between Q3 and Q1, and it

is a measure of variability, based on dividing a data set into quartiles. Fur-

ther, SID of a dataset is the half difference between the Q1 and Q3 or half the

IQR. Table 2.4 shows the descriptive statistics of matrix determinant for all the

five EEG subsets including different matrix orders. As can be seen, descrip-

tive statistics parameters are well distinguishable between non-epileptic and

epileptic EEG conditions, and the analysis shows that the matrix determinant

values corresponding to epileptic EEG are higher as compared to non-epileptic

EEG. It is clear that descriptive parameters increase as the matrix order in-

crease for all the subsets of EEG. During the experimental study, Wilcoxon
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FIGURE 2.5: Box plot showing for set A, set B, set C, set D and set E EEG signals
determinant values for the matrix orders (a) N = 13, (b) 16, (c) 23, (d) 32.
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TABLE 2.4: Descriptive analysis of the matrix determinant feature.

Matrix
order

EEG
dataset Min Q1 Median Mean SD Q3 IQR Max SID

13

Set A 31.02 38.29 40.10 39.95 2.85 41.79 3.49 52.38 1.74
Set B 32.16 41.58 43.59 43.64 3.26 46.11 4.52 52.97 2.26
Set C 24.90 34.71 37.71 38.04 4.86 40.89 6.17 53.72 3.08
Set D 25.85 34.63 37.90 38.43 4.94 41.92 7.28 57.85 3.60
Set E 37.04 50.27 56.91 56.03 6.73 61.34 72.19 72.198 5.53

16

Set A 37.52 48.43 50.59 50.37 3.34 52.59 4.13 62.50 2.06
Set B 43.19 52.16 54.67 54.67 3.75 57.50 5.33 65.52 2.66
Set C 31.84 44.17 47.53 47.97 5.85 51.38 7.20 65.84 3.60
Set D 34.85 43.94 47.84 48.84 5.90 52.66 8.71 72.27 4.35
Set E 50.45 63.20 71.64 70.49 8.23 76.94 13.74 89.94 6.87

23

Set A 60.21 72.78 75.58 75.23 4.56 78.08 5.29 92.29 2.64
Set B 67.12 78.17 81.26 81.41 5.10 85.43 7.26 94.94 3.63
Set C 50.28 67.08 71.20 71.86 8.12 76.53 9.45 97.64 4.72
Set D 55.63 66.02 71.75 72.56 8.29 78.38 12.35 103.02 6.17
Set E 76.54 94.64 106.27 105.02 11.84 114.87 20.22 132.84 10.11

32

Set A 92.03 104.79 108.54 108.06 6.17 111.74 6.95 130.13 3.47
Set B 98.86 111.81 116.16 116.43 6.99 122.41 10.59 132.44 5.29
Set C 76.34 96.49 102.30 103.49 11.31 109.76 13.26 138.50 6.63
Set D 82.68 95.55 104.05 104.74 11.76 112.92 17.37 148.46 8.68
Set E 114.33 135.11 151.84 150.49 16.82 164.65 29.54 186.98 14.77

rank sum test showed the p < 0.05 for all the classification problems indicat-

ing very high discrimination ability.

Histogram plot in polar coordinates shows the direction of each value and

number of values that occur in each subinterval . Fig. 2.6 shows the his-

togram plot of five EEG datasets with corresponding matrix determinant val-

ues (N = 13) in polar coordinates. Fig. 2.6 shows that the set E (epileptic)

has spread equally (densely distributed) between 0 to 2π, whereas not in the

case of other EEG datasets. Similarly, the extracted determinant features (Ma-

trix order N = 13) shows similar distribution. This helps to understand how

far EEG values are spread in polar coordinates. Fig. 2.7 shows the bivariate

plot for binary classification problems. Only equal numbers of observations in
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classification problems were considered for the bivariate plot. Bivariate anal-

ysis shows that less overlap (few black boxes) between each class in all the

binary classification problems. The lesser the variation implies good discrim-

ination between two classes and produces good classification results. Fig. 2.8

shows mean and SD of extracted matrix determinant feature for all the orders.

Above analysis shows that the mean and SD of Set E is high as compared to

other subsets. It infers that the mean and SD of epileptic EEG varies signifi-

cantly as compared to other non-epileptic EEG.

2.4.2 Classification results

The performance of the proposed approach was evaluated in terms of SE, SP,

CA, PPV, and NPV. All the classification problems were evaluated using 10-

fold cross-validation technique. Tables 2.5-2.13 show the classification results

using all three classifiers for all the classification problems. For the most im-

portant classification problem {A}-{E}, performance measures were achieved

greater than 96.50% using all the three classifiers with the maximum CA of

99.45%. Similarly, the CA of 96.06%, 97.60 %, and 97.60% was attained for

the classification problems {B}-{E}, {C}-{E}, and {D}-{E} respectively.

It was inferred from the reported literature that the majority of the stud-

ies has conducted the experiments using an equal number of observations in

both the classes for classification. Considering only the half or quarter of the

dataset makes improper validation of EEG signals for classification problem.

In the present study, classification was performed using equal and unequal

numbers of observations for the classification problems, namely {AB}-{E},

{AC}-{E}, {CD}-{E}, {ACD}-{E}, {ABCD}-{E}, and {AB}-{CD}-{E} and
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FIGURE 2.6: Histogram plot of EEG and its matrix determinant in polar ordinates.
EEG datasets set A, B, C, D, and E is shown in (a), (c), (e), (g), and (i) respectively.
Similarly, matrix determinant for EEG datasets set A, B, C, D, and E for matrix

order 13 is shown in (b), (d), (f), (h), and (j) respectively.
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its results are shown in Tables 2.7-2.13. Table 2.3 shows the number of obser-

vations considered for the classification for each matrix order. Results revealed

the average CA of 97.10% and 97.35% for an equal and unequal number of

observations for the classification problem {AB}-{E} respectively. Further,

other performance measures such as SE, SP, PPV, and NPV showed better re-

sults. For the classification problems, {AC}-{E} and {CD}-{E}, average CA

of 96.50% and 96.85% were achieved respectively, and it was almost same for

both equal and unequal number of observations. Similarly, highest average CA

of 96.00% and 97.20% were obtained for the classification problems {ACD}-

{E} and {ABCD}-{E} respectively. Interestingly, less NPV was achieved for

an unequal number of observations as compared to an equal number of obser-

vations for the classification task {CD}-{E}, {ACD}-{E}, {ABCD}-{E} due

to less number of observations in set E.

Tables 2.12 and 2.13 shows the results of 3-class classifications prob-

lems {A}-{C}-{E} and {AB}-{CD}-{E} respectively. Classification prob-

lems {A}-{C}-{E} and {AB}-{CD}-{E} attained the highest CA of 94.75%

and 96.52% respectively. The performance measure NPV was found to be

less for an unequal number of observations as compared to an equal number

of observation for the majority of the classification problems using all three

classifiers.

It was further observed that more training time was required for an un-

equal number of observations for the SVM classifier. More importantly, per-

formance measures were getting better as the segmentation length or matrix

order increases for all the classification problems. Overall, all the three classi-

fiers showed consistent results for all the classification problems.
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TABLE 2.5: Classification results for classification problem {A}-{E} and {B}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32 N=13 N=16 N=23 N=32

Classification problem {A}-{E} Classification problem {B}-{E}

SVM

SE (%) 98.05 98.70 99.10 99.10 96.92 96.85 99.50 98.91
SP (%) 96.50 97.62 98.52 99.25 83.45 86.30 91.24 92.80
CA (%) 97.27 98.16 98.81 99.23 90.18 91.57 95.37 95.85
PPV (%) 96.55 97.65 98.63 99.25 85.71 87.82 92.02 93.55
NPV (%) 98.05 98.62 99.00 99.12 96.14 96.25 99.14 98.50

K-NN

SE (%) 98.08 98.48 98.58 99.13 92.70 96.25 97.46 98.45
SP (%) 96.72 97.83 99.15 99.27 84.32 86.35 91.74 93.65
CA (%) 97.40 98.15 98.86 99.20 88.51 91.30 94.60 96.06
PPV (%) 96.70 97.85 99.15 99.29 85.75 87.82 92.59 94.12
NPV (%) 97.46 98.16 98.65 99.10 91.89 95.66 97.09 98.16

MLP

SE (%) 97.12 98.05 99.22 99.70 96.23 96.85 95.16 96.10
SP (%) 97.92 98.45 98.80 99.20 85.64 87.58 94.75 92.95
CA (%) 97.52 98.25 99.01 99.45 90.93 92.21 94.95 95.52
PPV (%) 97.90 98.42 98.81 99.25 83.31 85.69 94.68 92.12
NPV (%) 96.71 98.12 99.24 99.71 97.13 97.54 95.22 96.62

TABLE 2.6: Classification results for classification problem {C}-{E} and {D}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32 N=13 N=16 N=23 N=32

Classification problem {C}-{E} Classification problem {D}-{E}

SVM

SE (%) 93.80 94.22 95.42 95.75 94.10 95.30 96.02 95.80
SP (%) 96.10 97.22 98.48 99.45 94.90 96.20 98.08 99.40
CA (%) 94.95 95.22 96.45 97.60 94.50 95.25 97.05 97.60
PPV (%) 95.85 96.98 98.46 99.22 94.74 96.20 98.01 99.10
NPV (%) 94.10 94.43 95.45 95.10 94.60 95.29 96.13 95.85

K-NN

SE (%) 93.26 95.20 95.64 95.20 93.80 95.45 95.38 94.90
SP (%) 95.50 96.50 97.44 98.70 94.90 96.55 98.60 99.45
CA (%) 94.38 95.40 96.55 96.95 94.85 95.00 96.39 97.62
PPV (%) 95.35 96.53 97.72 98.59 94.71 96.42 98.51 99.24
NPV (%) 93.52 95.14 95.82 95.42 93.82 95.51 95.55 95.32

MLP

SE (%) 96.62 97.82 98.15 98.50 94.82 96.10 99.20 99.20
SP (%) 93.34 93.92 95.45 95.70 94.80 95.30 95.00 95.50
CA (%) 94.95 95.86 96.30 97.20 94.81 95.70 97.10 97.35
PPV (%) 93.08 93.75 98.05 95.20 94.80 96.55 98.90 99.55
NPV (%) 96.87 95.62 95.54 97.20 94.95 95.25 94.70 95.12
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TABLE 2.7: Classification results for classification problem {AB}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦

SVM

SE (%) 96.30 95.74 96.18 97.40 97.12 97.72 96.40 97.65
SP (%) 90.75 94.30 93.20 92.00 96.26 95.02 97.20 95.65
CA (%) 93.65 95.02 94.69 95.70 96.69 96.37 96.80 96.65
PPV (%) 91.42 93.29 93.50 96.26 96.43 99.20 97.24 99.40
NPV (%) 95.90 97.89 95.92 97.12 96.87 92.64 96.20 92.11

K-NN

SE (%) 94.30 99.22 96.30 96.38 96.40 95.38 95.55 99.70
SP (%) 91.25 95.20 92.28 87.90 95.33 90.16 96.70 90.80
CA (%) 92.77 92.21 94.29 92.14 95.86 92.77 96.12 95.25
PPV (%) 91.52 94.80 92.71 96.15 91.65 97.05 96.62 97.30
NPV (%) 93.95 93.85 95.90 96.45 96.27 96.66 95.60 95.79

MLP

SE (%) 92.50 94.80 92.10 95.35 96.40 98.10 95.70 98.20
SP (%) 94.90 96.90 97.45 98.05 97.45 95.20 98.50 96.50
CA (%) 93.70 95.85 94.77 96.70 96.92 97.15 97.10 97.35
PPV (%) 95.15 95.65 97.82 98.62 97.32 99.35 98.75 98.16
NPV (%) 92.10 85.35 91.42 85.95 96.15 92.42 95.16 93.00

TABLE 2.8: Classification results for classification problem {AC}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦
SVM SE (%) 94.14 94.43 94.50 94.66 95.09 95.48 95.00 95.37

SP (%) 94.39 94.22 95.31 95.37 97.29 96.90 98.00 97.75
CA (%) 94.27 94.33 94.91 95.02 96.19 96.19 96.50 96.56
PPV (%) 94.38 97.03 95.27 97.62 97.23 98.40 97.94 98.83
NPV (%) 94.16 89.43 94.54 89.92 95.2 91.46 95.15 91.36

K-NN SE (%) 93.07 95.48 94.50 95.87 94.96 96.51 95.25 96.25
SP (%) 94.06 91.46 96.00 93.44 96.77 93.93 97.75 96.50
CA (%) 93.56 93.47 95.25 94.66 95.87 95.22 96.50 96.38
PPV (%) 94.00 95.72 95.94 96.69 96.71 96.95 97.69 98.21
NPV (%) 93.14 91.01 94.58 91.89 95.05 93.09 95.37 92.79

MLP SE (%) 95.00 96.40 96.00 97.50 97.00 98.80 97.40 98.80
SP (%) 93.50 90.90 94.20 90.10 95.20 91.30 95.60 92.40
CA (%) 94.30 94.50 95.10 94.90 96.10 96.00 96.50 96.60
PPV (%) 95.10 95.40 96.10 94.80 97.00 95.30 97.50 97.80
NPV (%) 93.40 92.90 94.10 95.20 95.10 97.20 95.50 96.00
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TABLE 2.9: Classification results for classification problem {CD}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦
SVM SE (%) 92.25 90.55 93.00 93.28 93.32 93.32 93.75 93.54

SP (%) 93.50 92.35 94.50 92.52 96.54 95.54 97.85 97.25
CA (%) 92.85 91.45 93.75 92.90 94.93 94.43 95.80 95.39
PPV (%) 93.38 92.36 94.50 92.42 96.47 94.55 97.63 98.62
NPV (%) 92.27 87.45 93.23 88.90 93.55 88.95 93.82 88.95

K-NN SE (%) 91.40 94.65 93.32 92.50 92.76 91.65 93.80 94.45
SP (%) 92.65 88.32 94.23 91.56 95.65 95.25 97.75 94.30
CA (%) 92.02 91.48 93.77 92.03 94.20 93.45 95.77 94.37
PPV (%) 92.68 94.10 94.13 96.58 95.81 96.93 97.64 97.55
NPV (%) 91.35 89.12 93.81 87.62 92.92 88.57 93.97 89.02

MLP SE (%) 93.50 94.30 94.85 95.90 95.20 96.42 97.60 96.28
SP (%) 92.20 90.40 93.45 92.10 94.60 90.56 94.30 91.36
CA (%) 92.85 93.35 94.00 94.15 94.40 93.49 96.95 93.82
PPV (%) 93.75 95.93 95.00 96.38 94.32 92.15 94.25 95.53
NPV (%) 91.88 88.48 93.00 89.22 95.17 92.22 97.76 93.20

TABLE 2.10: Classification results for classification problem {ACD}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦

SVM

SE (%) 93.80 92.50 94.46 93.58 94.78 95.65 94.66 95.80
SP (%) 93.85 93.80 95.03 93.65 97.30 94.45 97.32 96.10
CA (%) 93.82 93.15 94.74 93.61 96.04 95.05 95.99 95.95
PPV (%) 93.75 94.58 94.26 94.50 97.12 96.32 97.11 94.44
NPV (%) 93.91 92.13 94.45 92.60 94.63 92.36 94.82 92.12

K-NN

SE (%) 92.80 96.37 94.32 96.40 94.66 96.41 95.20 95.62
SP (%) 94.25 87.80 95.32 90.10 96.71 91.21 96.80 92.85
CA (%) 93.52 92.08 94.82 93.25 95.68 93.81 96.00 94.23
PPV (%) 94.18 95.87 95.45 96.66 96.57 97.10 96.76 97.59
NPV (%) 92.74 88.89 94.16 89.50 94.39 89.51 95.15 87.69

MLP

SE (%) 94.45 96.02 96.50 96.05 97.20 97.40 97.80 98.20
SP (%) 93.05 90.18 93.30 91.35 94.80 90.80 94.05 88.76
CA (%) 93.75 93.10 94.90 93.70 96.00 94.10 95.92 93.48
PPV (%) 94.58 96.45 93.25 97.38 97.10 96.65 97.48 94.40
NPV (%) 93.03 88.36 96.32 87.98 94.30 92.30 94.24 95.40
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TABLE 2.11: Classification results for classification problem {ABCD}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦

SVM

SE (%) 93.72 95.86 94.29 96.52 96.88 96.79 95.79 95.60
SP (%) 92.45 97.69 94.01 97.72 95.79 96.04 96.72 96.10
CA (%) 93.08 96.77 94.15 97.12 96.33 96.41 96.25 95.85
PPV (%) 92.59 97.62 94.30 98.68 95.52 98.11 96.52 98.37
NPV (%) 93.45 80.28 94.18 81.52 96.93 83.67 95.81 82.59

K-NN

SE (%) 92.35 96.58 94.85 99.55 95.29 98.48 96.35 99.35
SP (%) 92.42 80.69 93.43 84.47 96.57 87.69 96.35 87.35
CA (%) 92.38 88.63 94.14 92.01 95.93 93.08 96.35 93.57
PPV (%) 92.29 96.38 93.62 97.69 96.38 99.02 96.35 98.28
NPV (%) 92.02 91.21 94.45 92.50 95.29 93.56 96.35 93.05

MLP

SE (%) 92.60 96.40 94.30 97.75 97.20 98.60 96.55 97.90
SP (%) 93.50 93.60 93.90 94.35 96.30 97.80 96.50 96.50
CA (%) 93.05 95.00 94.10 96.05 96.80 98.50 96.52 97.20
PPV (%) 93.50 97.10 94.85 96.20 97.30 96.22 96.35 97.65
NPV (%) 92.50 80.50 93.36 84.20 96.30 84.50 96.65 85.85

TABLE 2.12: Classification results for classification problem {A}-{C}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

SVM

SE (%) 92.85 92.25 94.14 94.10
SP (%) 89.32 92.35 94.60 94.69
CA (%) 91.08 92.30 94.37 94.39
PPV (%) 89.89 92.15 94.27 94.72
NPV (%) 92.27 92.23 94.21 94.00

K-NN

SE (%) 92.80 92.48 93.15 94.45
SP (%) 88.69 91.42 94.32 92.08
CA (%) 90.74 91.94 93.73 92.24
PPV (%) 89.68 91.50 94.10 93.19
NPV (%) 92.27 92.36 93.14 92.33

MLP

SE (%) 90.50 92.15 95.40 94.70
SP (%) 93.70 91.60 93.10 94.80
CA (%) 92.10 91.87 94.25 94.75
PPV (%) 94.32 92.63 95.20 94.50
NPV (%) 92.60 91.27 93.30 94.82
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TABLE 2.13: Classification results for classification problem {AB}-{CD}-{E}

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

‖ ∦ ‖ ∦ ‖ ∦ ‖ ∦

SVM

SE (%) 94.68 95.66 93.85 96.10 96.84 96.45 96.40 95.36
SP (%) 91.52 90.38 93.60 97.10 96.23 96.12 96.64 95.70
CA (%) 93.10 94.02 93.73 96.60 96.53 96.28 96.52 95.53
PPV (%) 91.80 94.39 93.62 98.50 96.33 95.36 96.57 94.10
NPV (%) 94.42 95.52 93.83 89.80 96.71 91.30 96.21 91.36

KNN

SE (%) 94.56 94.54 93.84 93.44 95.07 97.40 96.50 95.10
SP (%) 90.57 92.27 93.63 90.73 96.50 93.57 94.50 97.10
CA (%) 92.56 93.40 93.73 92.08 95.78 95.38 95.50 96.05
PPV (%) 91.05 94.60 93.16 97.00 96.31 94.60 95.00 95.86
NPV (%) 94.48 94.84 93.67 91.50 95.20 92.55 96.50 92.70

MLP

SE (%) 90.05 93.45 94.36 97.45 96.88 98.40 96.40 96.80
SP (%) 95.46 98.40 93.24 93.20 95.50 92.80 92.30 93.60
CA (%) 92.75 95.95 93.80 95.32 96.19 94.60 94.35 95.20
PPV (%) 96.01 94.24 94.10 94.88 90.30 97.36 96.20 95.35
NPV (%) 94.32 94.40 93.34 91.72 95.10 94.70 96.30 95.56

2.4.3 Classification results using RMCH database

The proposed method validated on another EEG database collected from RMCH,

Bengaluru, India after ethical clearance obtained to use the EEG recordings

for research purpose. These unipolar recordings were recorded using 19 scalp

electrodes (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz,

P4, T6, O1, and O2) placed according to the 10-20 International system. The

scalp EEG was recorded at a sampling rate of 128 Hz using Galileo Suite NB

Neuro digital EEG system. These recordings were collected from 115 subjects

that include 67 male and 48 female ranging between 2.5 to 75 years of age.

Two experts at Ramaiah Medical College and Hospital visually labelled the

EEG as normal and epileptic. In total, 222 seizures were found from 58 hours

of EEG which was collected from 115 subjects. Further, a 50 Hz notch filter
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was applied on EEG to remove the power line noise. Next, independent com-

ponent analysis was applied to remove the artefact’s like eye blink, electrode

displacement and muscle artefact’s [72].

The determinant feature was extracted using matrix orders N = 13, 16, 23

and 32 and classified using SVM, K-NN, and MLP classifiers. Table 2.14

shows the classification results obtained using RMCH database. The high-

est sensitivity of 98.90%, specificity of 96.57%, accuracy of 97.56%, PPV of

95.47%, and NPV of 99.20% was reported using matrix order 32. We ob-

serve that the classification results increases as the matrix order increases.

Both SVM and K-NN classifiers have shown the almost similar results for

all the different matrix orders. However, the results obtained using K-NN

were slightly lesser than other two classifiers. The better results obtained on

RMCH database ensures the suitability of proposed methods on different EEG

database.

2.5 Discussion

In this study, matrix determinant was proposed for the first time as the feature

for epileptic EEG analysis. In total, eleven different classification problems

using four different matrix orders were considered. The feature was evalu-

ated using three supervised classifiers, namely SVM, K-NN and MLP with

10-fold cross-validation technique. Simulation results shows that information

captured by EEG during epileptic activity which influences to rise in the ma-

trix determinant acts as a biomarker to identify those events. In particularly,

the change in the amplitude values during seizure activity was highlighted by

higher determinant value. We observe that during the transition from normal
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TABLE 2.14: Classification results using RMCH database

Classifier Performance Matrix order
measures N=13 N=16 N=23 N=32

SVM

SE (%) 97.48 97.68 98.45 98.52
SP (%) 96.07 96.28 96.41 96.60
CA (%) 96.77 96.98 97.43 97.56
PPV (%) 94.45 95.02 95.23 95.47
NPV (%) 98.13 98.28 98.84 98.36

K-NN

SE (%) 93.25 93.38 95.49 95.58
SP (%) 95.41 95.43 96.00 96.57
CA (%) 94.33 94.41 95.74 96.07
PPV (%) 93.67 93.70 94.55 95.34
NPV (%) 95.10 95.20 96.69 93.38

MLP

SE (%) 97.90 97.70 98.60 98.90
SP (%) 95.50 96.20 96.30 96.50
CA (%) 96.70 96.80 97.30 97.50
PPV (%) 94.50 95.00 95.10 95.00
NPV (%) 98.40 98.30 98.90 99.20

to pre-ictal state, determinant feature decreases and significantly increases for

seizure activity.

Virtual EEG database of 230s was created using normal (set A) and epilep-

tic (set E) EEG recordings for clinical validation using the same database. Fig.

2.9 shows the clinical validation results of the virtual EEG. It was classified by

calculating matrix determinant feature (order N = 13) followed by SVM clas-

sifier. Initially, SVM classifier was trained with the targets 0 and 1 for normal

and epileptic activities respectively. Furthermore, results shown in Fig. 2.9

were validated by experts to ensure that classification results were accurate.

During the experimental study, properties of matrix determinants were ex-

amined (refer to Fig. 2.3). The properties 1 and 2 were verified, whereas

properties 3 to 5 were not encountered. Hence, this infers the suitability of
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FIGURE 2.9: A representative example of EEG validated using the matrix determi-
nant feature. (a) An epileptic EEG of duration 230s. (b) Each point shows matrix
determinant calculated using the matrix order N=13. (c) SVM classifier output,
targets 0 and 1 represents normal and epileptic states respectively. (d) Normal EEG

from 51s to 65s. (e) Epileptic EEG from 176s to 190s.

the proposed feature for pattern recognition. As a future expansion, proposed

algorithm will be tested on long-term EEG recordings with more number of

patient data.

Fig. 2.10 shows the receiver operating characteristic curve and the area

under the curve for binary classification problems using University of Bonn

and RMCH data. The highest area under the curve of 0.9972 and 0.9852 was

attained using University of Bonn and RMCH database.
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{A}-{E}, AUC=0.9972
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{C}-{E}, AUC=0.9852
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FIGURE 2.10: Receiver operating characteristic curve with area under the curve for
binary classification problems. Only the best results of each classification problem

is shown.

TABLE 2.15: Comparison of proposed determinant feature results with state-of-
the-art methods using University of Bonn database.

Classification Authors Method Accuracy (%)

problem

{A}-{E} [41] EMD and genetic programming 98.64

[52] EMD and SVM 99.00

[28] DSTFT and MLP 99.80

[53] Weighted complex networks and SVM 100

[73] Wavelet and PNN 99.72

[38] Time frequency analysis and ANN 100

[74] Permutation entropy and SVM 93.55

[34] TQWT and K-NN 100

[46] DTCWT and CVNN 99.50

[44] ATFFWT and LS-SVM 100

[75] Optimal orthogonal wavel and LS-SVM 100
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[76] Local binary pattern and BayesNet 99.00

[77] EMD and linear programming boosting 100

[78] DWT and MLPNN 100

[27] ApEn and ANN 99.60

[9] Entropies and Fuzzy classifier 99.00

[21] WPT based entropies and ANN 99.70

Proposed Matrix determinant and MLP 99.45

{B}-{E} [53] Weighted complex networks and SVM 99.76

[74] Permutation entropy and SVM 93.55

[44] ATFFWT and LS-SVM 82.88

[28] DSTFT and MLP 99.30

Proposed Matrix determinant and MLP 96.06

{C}-{E} [53] Weighted complex networks and SVM 96.00

[44] ATFFWT and LS-SVM 99.00

[34] TQWT and K-NN 99.50

[74] Permutation entropy and SVM 88.00

[28] DSTFT and MLP 98.50

Proposed Matrix determinant and MLP 97.60

{D}-{E} [52] EMD and SVM 93.00

[28] DSTFT and MLP 94.90

[53] Weighted complex networks and SVM 93.70

[76] Local binary pattern and BayesNet 95.50

[74] Permutation entropy and SVM 79.94

[44] ATFFWT and LS-SVM 98.50

[34] TQWT and K-NN 98.00

[58] LMD and SVM 98.10

[43] EMD and linear programming boosting 97.00

Proposed Matrix determinant and MLP 97.60

{AB}-{E} [53] Weighted complex networks and SVM 96.40

Proposed Matrix determinant and MLP 97.10

{AC}-{E} Proposed Matrix determinant and MLP 96.50
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{CD}-{E} [53] Weighted complex networks and SVM 94.50

Proposed Matrix determinant and MLP 96.85

{ACD}-{E} [41] EMD and genetic programming 98.61

[53] Weighted complex networks and SVM 96.50

Proposed Matrix determinant and MLP 96.00

{ABCD}-{E} [41] EMD and genetic programming 98.89

[46] DTCWT and 99.13

[38] Time frequency analysis and ANN 97.73

[34] TQWT and K-NN 99.00

[74] Permutation entropy and SVM 86.16

[44] ATFFWT and LS-SVM 99.20

[58] LMD and SVM 98.87

[52] EMD and SVM 96.00

[28] DSTFT and MLP 98.10

[53] Weighted complex networks and SVM 94.00

[78] DWT and MLPNN 99.60

[77] EMD and linear programming boosting 99.20

Proposed Matrix determinant and MLP 97.20

{A}-{C}-{E} Proposed Matrix determinant and MLP 94.75

{AB}-{CD}-{E} [41] EMD and genetic programming 98.33

[46] DTCWT and CVNN 97.79

[38] Time frequency analysis and ANN 97.72

[34] TQWT and K-NN 98.60

[78] DWT and MLPNN 95.60

[58] LMD and SVM 98.40

[52] EMD and SVM 93.00

[77] EMD and linear programming boosting 97.60

Proposed Matrix determinant and MLP 96.50
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Table 2.15 shows the comparison results between proposed matrix deter-

minant and other state-of-the-art approaches. A novel genetic programming

approach derived from EMD attained 98% overall classification accuracy us-

ing CGP and 10-fold cross-validation technique [41]. In [43], TQWT and

bootstrap aggregating (Bagging) based approach showed 100% accuracy. This

study decomposed EEG signal up to 29 sub-bands to select significant differ-

ence between normal and epileptic. [47] have used DWT followed by ApEn

and showed a CA of 100% for classification problem {A}-{E}. [28] have pro-

posed a novel feature extraction approach using DSTFT and MLP classifier

and attained a CA of 98.1%. An interesting observation made from the studies

reported by [28, 38, 41, 42, 43, 45, 48, 49, 50, 52, 58, 59, 77] was that they

have applied one of the following preprocessing or decomposition technique

EMD, LMD, DWT, SPWVD, TQWT, DTCWT and DSTFT on EEG signals

to attain better performance. However, the proposed approach showed simi-

lar results without using any of the decomposition techniques ensuring lower

computational cost. It is known that the introduction of any preprocessing

procedure and decomposition technique leads to the additional computational

burden which was evident from the studies reported [22, 36, 47].

Table 2.16 shows the execution time required to estimate the features at

1 s segmentation length for both the database. It is evident from Table 2.16

that the proposed feature proves to be superior regarding execution time as

compared to other features reported in the literature.

The main findings of the proposed study are:

1. Eleven classification problems were considered to ensure the suitability

of the matrix determinant feature for the detection of epileptic seizures.



56

TABLE 2.16: Execution time (sec) required to extract the features

Feature University of Bonn RMCH
DWT-ApEn [47] 82.31 9.21
ApEn [27] 57.58 6.44
Sample entropy [9] 34.71 3.88
Wavelet packet log energy entropy [21] 14.43 1.63
Wavelet packet entropy [36] 7.68 1.12
Matrix determinant 2.43 0.26

The accuracy of more than 96% was attained for all the classification

problems, and average accuracy of 99.45% was achieved for the classi-

fication problem {A}-{E}.

2. The studies proposed by [28, 38, 41, 42, 43, 45, 48, 49, 50, 52, 58, 59]

have applied decomposition techniques to achieve 100% accuracy for

the classification problem {A}-{E}, whereas the proposed study reached

accuracy of 99.45% without the help of any EEG signal decomposition

method.

3. The proposed method shows the classification accuracy of 97.56% using

RMCH database that is considered to be larger database than University

of Bonn.

4. Classification was performed using both equal and unequal number of

observations, to the best of authors knowledge no studies have reported

such results. Training duration of all three classifiers for unequal number

observations was found to be more.

5. Experimental results show the improvement in performance measures

as the matrix order or a segmentation length increase.



57

6. The performance measure NPV was found to be less for an unequal

number of observations for the classification.

7. Descriptive analysis showed the clear discrimination between non-epileptic

and epileptic EEG for all the four matrix orders.

8. Computational time required to extract matrix determinant feature found

to be very less as compared to features like ApEn, sample entropy, and

permutation entropy.

9. Histogram of epileptic EEG in polar coordinates shows the same spread

between 0 to 2π, whereas not in the case of normal EEG.

10. Bivariate analysis for binary classification of an equal number of obser-

vations proves the less overlap or correlation between set E and other

EEG datasets.

11. Finally, the validation of proposed algorithm on University of Bonn and

RMCH database implies the generalization and robustness of the novel

determinant feature.

Despite the use of the widely used University of Bonn and our own RMCH

EEG database in this work, it is still essential to validate on the more extensive

database. As a future work, matrix determinant will be explored on other

problems like sleep detection, depth of anesthesia etc. Further, we will explore

the deep neural network for classification of epileptic seizures.
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2.6 Conclusion

A novel matrix determinant feature was proposed in this study for the classi-

fication of epileptic seizures EEG signals. In total, eleven classification prob-

lems were formed using University of Bonn database and algorithm was val-

idated on RMCH database. Initially, the EEG time series were sequentially

arranged to form a square matrix of order, say, N = 13, 16, 23 and 32, and

matrix determinant were computed. The proposed feature was examined using

descriptive analysis, bivariate histogram analysis and histogram plot in polar

ordinates. The efficacy of the algorithm was evaluated using SVM, K-NN and

MLP classifiers with 10-fold cross-validation. Experimental results show the

highest classification accuracy of 99.45% (using University of Bonn database)

and 97.56% (using RMCH database) and consistent performance for all the

classification problems using all the three classifiers. The performance of the

proposed approach was compared with several state-of-the-art feature extrac-

tion methods employed in the detection of an epileptic seizure. Hence, the

proposed approach would be useful for the recognition of epileptic seizures

from normal EEG in real-time.
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Abstract

Epilepsy is a commonly observed long-term neurological disorder that im-

pairs nerve cell activity in the brain and has a severe impact on people’s

daily lives. Accurate seizure detection in the long-term electroencephalogram

(EEG) signals has gained vital importance in the diagnosis of patients with

epilepsy. Visual interpretation and detection of epileptic seizures in long-term

EEG is a time-consuming and burdensome task for neurologists. Therefore,

in this study, we propose a computationally efficient automated seizure detec-

tion model using a novel feature called successive decomposition index (SDI).

We observed that the SDI feature was significantly higher during the epileptic

seizure as compared to normal EEG. The performance of the proposed method

was evaluated using three databases, namely the Ramaiah Medical College and

Hospital (DB1), CHB-MIT (DB2) and the Temple University Hospital (DB3)

consisting of 58 hours, 884 hours, and 408 hours of EEG respectively. Experi-

mental results revealed the sensitivity - false detection rate - median detection

delay of 97.53%-0.4/h-1.5 sec, 97.28%-0.57/h-1.7 sec, and 95.80%-0.49/h-

1.5 sec for DB1, DB2, and DB3 respectively using the support vector machine

classifier. The proposed method significantly outperformed previously pre-

sented methods (wavelets and other feature extraction methods) while being

computationally more efficient. Further, to the best of the author’s knowledge,

present study is the first study that was tested on three different EEG databases

and showed consistent results leading to the generalization and robustness of

the algorithm. Hence, the proposed method is an efficient tool for neurologists

to detect epileptic seizures in long-term EEG.



64

3.1 Introduction

Epilepsy is the fourth most common neurological disorder and affects 65 mil-

lion people of all ages around the world [1, 2, 79]. It is a chronic disorder

that causes unprovoked recurrent seizures and characterized by unpredictable

seizures that leads to health problems [2, 14, 79]. Epilepsy is treated using

medication, surgery, vagus nerve stimulation, deep brain stimulation of the

anterior nucleus of the thalamus [4], responsive neurostimulation, and dietary

therapy [1, 5]. In epilepsy patients, seizure traces can be identified using elec-

troencephalogram (EEG), electrocorticography (ECoG), stereo-EEG and non-

invasive imaging techniques (e.g., PET, SPECT, and fMRI). Epilepsy patients

undergo pre-surgical investigation prior to surgery that determines the area

where the seizure begins. Long-term EEG is the potential brain parameter

for the pre-surgery examination that concludes the need for surgery. In the

EEG time series, the appearance of traces of spikes or sharp waves does indi-

cate the reflection of seizure activities. The routine EEG shows the temporal

and spatial information regarding brain activity, which is used to diagnose,

monitor, and localize the epileptogenic focus. Interpreting long-term EEG

for presurgical evaluation lasting several hours to days is a time-consuming

and burdensome task since epileptic activities present in a small percentage

of the entire data. However, robust seizure detection remains a challenging

problem, due to the absence of adequate seizures EEG for training and test-

ing. These challenges have motivated for development of automated seizure

detection algorithm using three databases [2, 9, 79]. Thus, our study focuses

on introducing an automated system using a novel feature and support vector



65

machine (SVM) classifier that is competent in recognizing the seizure onset

quickly with better sensitivity and less detection delay. We expect that such

system support the neurologist to overcome visual inspection and avoid human

errors.

EEG is the gold standard for the classification of seizures and the diagnosis

of epilepsy in terms of cost and safety. [2, 6, 7, 8, 9, 10]. The morphological

shape of seizure EEG are spikes (20-70 ms), sharp waves (70-200 ms), and

spike-and-wave discharges (a spike followed by a slow wave) referred to as

epileptic waves [1, 12, 13]. In other words, seizure onset is characterized by a

sudden change in frequency and the appearance of a new rhythm. Spikes and

sharp wave EEG in a specific area of the brain relates to focal seizure, whereas

spike-and-wave discharges, which widely spread over both sides of the brain

are referred to as generalized seizures. Therefore, proposing a discriminating

feature that is capable of separating normal and epileptic seizures is the most

essential and challenging procedure.

3.1.1 Related work

Many studies have proposed different algorithms over the years using the Uni-

versity of Bonn EEG database [21, 27, 36, 66, 80, 81, 82, 83]. The recur-

rent Elman neural network (RENN) showed a classification accuracy of 100%

using approximation entropy [27]. Time-domain, frequency domain, time-

frequency domain, and entropy-based techniques have been reported in the

literature [21, 27, 36, 80]. Shannon’s and wavelet entropy [36], log-energy

and norm entropies derived from wavelet packet decomposition [21], spectral
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entropy, [81], sigmoid entropy [83] and variations of entropies [80] have been

applied for the seizure detection related studies.

Several studies have been proposed using different databases for epilep-

tic seizure detection [84, 85, 86, 87, 88, 89]. Gotman introduced a wavelet

decomposition based algorithm that showed the sensitivity of 76% with 1/h

[2]. Zhou et al. proposed multichannel EEG signal classification using the

fuzzy feature and tested with several sets of real EEG data [90]. Multichan-

nel fusion based seizure detection was introduced with two different schemes

[91]. The first concatenated EEG feature vectors were independently obtained

from the various EEG channels to form a single feature vector. The second

approach was to combine independent decisions of different EEG channels to

create an overall decision. Classification results showed that the feature fusion

method performed better than the decision fusion approach. A hybrid model

for epileptic seizure detection with genetic algorithm and particle swarm op-

timization showed a classification accuracy of 99.38 % using the SVM clas-

sifier [92]. Another hybrid method was proposed using fuzzy entropy-based

features obtained from EEG signals in the fractional Fourier transform and

wavelet packet decomposition domain [93]. A self-organizing map-based spa-

tial clustering of entropy topography revealed that the critical electrodes shared

the same cluster long time before the seizure onset [94]. A binary magnetic

optimization algorithm using wavelet-based features was introduced in [95].

The algorithm proposed in [96] focused on reducing the epileptic seizure de-

tection time while maintaining high accuracy, and locate the brain hemisphere,
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which is affected by seizure activity. Automated detection of focal EEG sig-

nals using empirical wavelet transform and least-squares support vector ma-

chine (LS-SVM) showed the maximum accuracy of 82.53% [97]. Different

entropies were investigated in normal, pre-ictal and epileptic EEGs and fuzzy

classifier showed the highest accuracy of 98.1% [80]. Further, Acharya et al.

[18] provided an extensive review on the application of entropies for seizure

detection. Weighted permutation entropy based study showed an accuracy of

99.0% using the SVM classifier [98].

The physiology-based seizure detection system was proposed using sam-

ple entropy and statistical features on two datasets [8]. The results showed

86.69% of spike detection and 99.77% of seizure detection for dataset I and

91.18% of spike detection and 99.22% of seizure detection for dataset II us-

ing the SVM classifier. Short-term Fourier transforms (STFT) based scheme

was introduced using an adaptive threshold technique and tested on 159 pa-

tients [99]. Patient-specific seizure onset detection method was proposed us-

ing wavelet decomposition and SVM classifier [88]. In this study, 36 pediatric

subjects were considered, and the quantitative algorithm detected 131 of 139

seizures within 8±3.2 sec of seizure onset. In [100], spatial and spectral fea-

tures were used to train the SVM classifier and tested for 916 hours of EEG

from 24 patients. The algorithm detected 96% of seizures from 173 seizures

with a median detection delay of 3 sec and 2 false detections per 24-hour

duration. Improved classification results were obtained in psychogenic non-

epileptic seizures and vasodepressor syncope generalized epileptic seizures

from non-epileptic using time domain, frequency domain and then combining
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all features across channels [87]. Features were selected using a relief rank-

ing algorithm that yielded the classification accuracy of 95% using a Bayesian

network. A brief review was provided on the features such as time domain,

frequency domain, nonlinear measures, time-frequency domain and applica-

tion of entropies for seizure detection [18, 22].

The patient-independent neonatal seizure detection system was developed

using the SVM classifier and validated for 267 hours of EEG from 17 new-

borns [85]. This system achieved the average detection rate of 89%, 96%,

and 100% with one, two, and four false detections per hour respectively. In

[101], prediction of epileptic seizures from intracranial EEG showed the sen-

sitivity about 90-100% with the false positive rate of about 0-0.3 times per

day using features derived from heart rate variability. Combined seizure index

derived from wavelet coefficients revealed the sensitivity of 90.5%, the false

detection rate of 0.5/h, and median detection delay of 7 sec [102]. A patient-

specific early seizure detection algorithm using spectral parameters, time do-

main parameters, and wavelet analysis detected 14 of the 25 seizures before

seizure onset with a median pre-onset time of 51 sec, and the false positive

rate of 0.06/h using recurrent neural network [103]. A simple threshold-based

scheme was introduced using the minimum variance modified fuzzy entropy

(MVMFzEn) feature that obtained 100% classification accuracy [19].

Quantitative analysis of non-convulsive seizures in intensive care unit showed

the mean sensitivity and mean false detection rate of 90.4% and 0.066/h re-

spectively [104]. Relative amplitude and relative fluctuation index features

with improved wavelet neural network classifier showed the sensitivity, speci-

ficity and false detection rate of 96.72%, 98.91 %, and 0.27/h respectively
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[105]. Age-independent seizure detection algorithm using the SVM classifier

was proposed using 78 patients with 592 seizures [84]. The area under the

curve of 0.90 and 0.93 was obtained for neonatal and adults EEG with the

application of feature baseline correction. Further, the assessment of epilep-

tic seizures was performed using three significant features, namely pattern-

match regulation static, maximum local frequency and amplitude variation

[106]. Greene et al. make use of multi-features from different domains for

neonatal seizure detection [10]. The fuzzy rule-based system was proposed

for seizure detection in intracranial EEG [107]. Various features were used

for the detection of temporal lobe epilepsy from scalp EEG [108]. The long-

term audio and video EEG was used for detection of focal EEG seizures [109].

Mirowsaki et al. presented a study of prediction patterns for seizure prediction

[86]. Further, wavelet transforms based approaches gained much attention to-

wards EEG analysis due to its temporal and spatial analysis of signal [21, 47,

79, 107, 110].

Table 3.1 reports the information about various EEG databases that were

used in the state-of-the-art epileptic seizure detection algorithms. All the

studies have recorded the EEG using the International 10-20 system elec-

trode placement. The CHB-MIT [88, 100], and the University of Bonn [33]

databases are available in the public domain. In all the studies reported in

Table 3.1, a notch filter was applied to EEG signals to attenuate power line

noise.

The thorough literature survey confirms that existing approaches found

to have its limitations towards attaining good sensitivity, less false detection

rate, low detection delay and being less computational complexity. Further,
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TABLE 3.1: Information on different EEG databases that were used in the state-of-
the-art epileptic seizure detection studies in the past.

Author EEG database center No. of
subjects

No. of
electrodes

Length of
EEG data

Sampling
frequency (Hz)

EEG
system

Band pass
filter (Hz)

[91]
Royal Brisbane and
Women’s Hospital,
Bris-bane, Australia

8 20 4.82 256
Medelec
Profile
System

0-70

[34]
Neonatal Intensive Care
Unit, Dept. of Neonatology,
SSKM, Kolkata, India

12 6 ∼11 h
125 &
2000 NicOne 5.3 0.5 - 35

[100, 111] CHB - MIT, USA 23 21 969 h 256 - 0.5 - 30

[99]
Epilepsy Center Erlangen
(University Hospital
Erlangen, Germany)

159 64 25,278 h 256
NATUS
Europe 0.08-86

[112]

National Institute of
Neurology and
Neurosurgery Rhode
Island Hospital

12 21 62 h 200
Nihon

Kohden
EEG 1200

0 - 70

[21, 80] University of Bonn, 5 1 0.65 h 173.61 - 0.53 - 40
[27, 81] Germany

[28] CHB - MIT, USA 21 21 884 h 256 - 0.5 - 30

[103]
Thomas Jefferson University,
Dartmouth University 25 20 -32 ∼500 h 200

Grass-
Telefactor

Beehive LTM
0.3 -70

[86, 105]
Epilepsy Center of the
University Hospital of
Freiburg, Germany

21 6 286 h 256
Neurofile
NT digital
video-EEG

4 - 30

[102]
Vancouver General
Hospital, Canada 14 15 75.8 h 256 - 0.1 - 100

[84]
Maastricht University
Hospital, Netherlands 78 19 ∼132 h 250 - 0.5-32

[87]

Department of Clinical
Neurophysiology
and Epilepsies in St.
Thomas Hospital, London

11 21 - 250 - -

[85]
Neonatal Intensive Care
Unit of Cork University
Maternity Hospital, Ireland

55 8 267.9 256
Viasys
NicOne 0.5-13

[106]
Allegheny General
Hospital, Pittsburgh, PA 55 - ∼1208 - - -

[108]
Universitair Ziekenhuis
Gasthuisberg, Leuven,
Belgium

- 19 - 250
Brainlab
digital

EEG system
0.5-30

the existing algorithms have validated their algorithm on a single database.

In order to obtain the generalization of seizure detection, the algorithm must

be tested on several databases with a good number of epileptic seizure events.
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FIGURE 3.1: The general framework of the proposed automated epileptic seizure
detection algorithm.

Hence, the proposed study attempts to overcome the above limitations through

the application of a novel feature and SVM classifier using three different

databases.

3.1.2 Proposed methodology

The proposed technique includes EEG data acquisition followed by prepro-

cessing, segmentation of each channel at a constant window length, estimation

of successive decomposition index (SDI) and classification. Fig. 3.1 shows

the flow of the proposed automated seizure detection method. Initially, EEG

recordings were preprocessed for noise and artifact removal. EEG was seg-

mented into a constant non-overlapping window length of 1 sec and SVM

classifier was used to classify SDI feature. Furthermore, the proposed al-

gorithm applied to three datasets that consist of a good number of epileptic

seizure events to validate its performance.
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The rest of our paper was organized as follows. In Section 2, materials

and methods were discussed in detail. Experimental results were presented

in Section 3, and the salient features of the proposed study were reported in

Section 4. Finally, the concluding remarks were reported in Section 5.

3.2 Materials and Methods

3.2.1 Clinical data

The experimental study was conducted on three EEG databases, namely the

DB1-Ramaiah Medical College and Hospital (RMCH), DB2-Children’s Hos-

pital Boston-Massachusetts Institute of Technology (CHB-MIT), and DB3-

Temple University Hospital which will be described briefly.

3.2.1.1 DB1

EEG recordings of DB1 were collected from the Institute of Neuroscience,

RMCH, Bengaluru, India after appropriate ethical clearance. It includes 58

hours of 19 channel scalp EEG from 115 subjects (male-67, female-48) rang-

ing from 2.5 to 75 years old. Among 115 subjects, 38 were suffering from

epilepsy and 77 were healthy subjects. EEG signals were recorded using the

International 10-20 system electrode placement at a sampling rate of 128 Hz.

These EEG recordings were made from the following electrode placements:

Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1,

and O2. Experts at the local hospital visually marked the epileptic and normal

events of patient recordings. The subjects used for the study were suffering
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from either one of the following seizures: focal seizures, generalized seizures,

absence seizures, clonic seizures, tonic seizures, and myoclonic seizures.

3.2.1.2 DB2

The second database used in this study was obtained from the CHB-MIT [88]

EEG database from Physionet repository which is available in the public do-

main 1. DB2 consists of 844 hours of data from the 23 patients recorded at a

sampling rate of 256 Hz. It was recorded with 23 channels using the Interna-

tional 10-20 system bipolar montage. It contains 23 channels, namely FP1-F7,

F7-T7, T7-P7, P7-O1, FP1-F3, F3-C3, C3-P3, P3-O1, FZ-CZ, CZ-PZ, FP2-

F4, F4-C4, C4-P4, P4-O2, FP2-F8, F8-T8, T8-P8, P8-O2, P7-T7, T7-FT9,

FT9-FT10, FT10-T8, and T8-P8. This database includes 23 pediatric patients

with the mean age of 9.9±5.5 years.

3.2.1.3 DB3

The third and final database was obtained from the TUH EEG resource 2 [113,

114]. This dataset consists of focal non-specific, generalized non-specific,

simple partial, complex partial, absence, tonic, tonic-clonic, and myoclonic

seizure from 316 subjects. These EEGs were recorded with the same as elec-

trode configuration of DB1 at a sampling rate of 250 Hz. In total, 222 seizures

from 316 subjects were considered from massive EEG recordings.

Table 3.2 shows the detailed information on all three databases. DB2 and

DB3 recordings were already annotated with seizure start and end time.

1http://www.physionet.org/pn6/chbmit
2https://www.isip.piconepress.com/projects/tuh_eeg/index.shtml
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TABLE 3.2: Database details considered for the proposed study.

DB1 DB2 DB3
Open source database No Yes Yes
Sampling frequency (Hz) 128 256 250
Electrode position 10-20 10-20 10-20
No. of subjects Male 67 5 151

Female 48 18 165
Total 115 23 316

Age range Male 3-60 3-22 2-90
Female 2.5-75 1.5-19 1.5-100

Total duration (hours) 58 884 408
No. of channels 19 23 19
No. of seizures 162 182 222
File format ASCII EDF EDF
DB1: RMCH, DB2: CHB-MIT, DB3: TUH

3.2.2 Preprocessing

EEG recordings of DB1 were filtered using a notch filter (50 Hz) followed

by a Butterworth bandpass filter (0.5-40 Hz) to attenuate noise and artifacts

(eye blink and muscular). The power spectral density analysis confirmed the

attenuation of 50 Hz power line noise after notch filter implementation. In

the next step, filtered EEG was passed through the independent component

analysis (ICA) algorithm to separate the eye blinks, and muscular artifacts

[72]. Finally, experts annotated the preprocessed EEG as normal and epileptic

seizures to develop a seizure detection algorithm.
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3.2.3 Successive decomposition index

Wavelet-based studies have performed better in the past using different mother

wavelets and the level of decomposition [21, 80, 103, 110]. However, the se-

lection of the best wavelet and decomposition level for EEG analysis requires a

thorough investigation in terms of classification results and computation time.

In [21, 42, 47, 79, 93, 97, 110, 115], suitable wavelet, and decomposition lev-

els were concluded by considering the results obtained from different mother

wavelets and levels of decomposition.

The proposed SDI feature was derived by the motivation of the discrete

wavelet transform (DWT). As we know, in the first level of DWT, the signal

is passed to low pass filter and high pass filter. In the next levels, the output

of low pass filter is simultaneously passed through a set of low pass and high

pass filters. Finally, the coefficients are considered from different sub-bands

to extract the features for classification. Whereas, in our proposed study, there

is no restriction on levels of decomposition. The single coefficient from the

last level is considered for further analysis.

The transition in the EEG from the normal to epileptic seizure activity is

associated with the significant changes in the shape of the EEG signal. There-

fore, capturing such an abrupt transition is essential to detect epileptic seizure

activities.

Consider the EEG time series x = {x1, x2, x3, x4, ......, xn}, where n is the

total number of the EEG samples (in one window) in the time series x. Here,

we define two terms X+ (average of |x|) and X− (difference average of x).
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The terms X+ is given by:

X+ =
1
n

n

∑
i=1
|xi| (3.1)

The coefficient X+ is mean of the absolute of x.

In the next step, X− is calculated by the iterative process. In the first level

(x(1)), EEG samples are arranged into n/2 non-overlapping pairs as shown

below.

x(1) =
{

x1 − x2

2
,

x3 − x4

2
....,

xn−3 − xn−2

2
,

xn−1 − xn

2

}
(3.2)

The new coefficients of level 1, i.e. x(1) of length n/2 (n is updated in each

level) after decomposition is represented as:

x(1) = {x(1)1 , x(1)2 , ......, x(1)n/2−1, x(1)n/2} (3.3)

In general, the difference average can be written as follows:

XL
i =

(
xL

2i−1 − xL
2i

)
/2 (3.4)

Here, i goes from 1 to n, L is the number of levels of decomposition required

to estimate the X− and it is calculated by L = 3.33log10(n). The coeffi-

cient obtained in the last level of decomposition is taken as X−. Number of

coefficients in each level is given by n/2L.
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In the next step, defining two new terms X++, and X−− using X+ and

X− as follows:

X++ =
X+ + X−

2
(3.5)

X−− =
X+ − X−

2
(3.6)

The coefficients X++ and X−− gives the relation between X+ and X−.

The square matrix A is formed using the four coefficients X+, X−, X++, and

X−− as follows:

A =

 X+ X−−

X− X++

 (3.7)

In our previous study [89], matrix determinant showed a good classifica-

tion results for detection of epileptic seizure. Therefore, in this study, SDI was

estimated by finding determinant [64] of the square matrix A.

SDI = log10

(n
L
(X+X++ − X−X−−)

)
(3.8)

The term n/L is a scalar parameter. The coefficient X+ is much greater than

the other three coefficients. SDI was arrived at by successively decomposing

the EEG signal into the final level. Hence, the proposed parameter was labeled

as SDI. We speculate that the SDI better tracks the transitions in the EEG

of the time series along with the amplitudes of the EEG samples. Since the
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proposed parameter follows linear relation in every step, SDI of epileptic EEG

is expected to be higher as compared to normal EEG (refer to Section 3.1).

The rationale behind using the determinant of all four coefficients has been

explained in the discussion section.

3.2.4 Classifier

SVM is a supervised machine learning algorithm and it classifies the data by

finding the best hyperplane that differentiates the two classes very well [23]. It

was selected based on the reliable performance reported in previous studies for

seizure detection [8, 25, 65, 80, 84, 85, 92, 97, 101]. The radial basis kernel

function was chosen based on preliminary results and hyperparameters were

determined using the optimization technique [25]. SVM classifier was trained

with the class labels of 0 and 1 for normal and epileptic seizures EEG respec-

tively. The training and testing were performed separately for each database

using leave-one-subject-out cross-validation method. In this method, EEG

data from one subject was used for testing and remaining were used for train-

ing. The procedure was repeated until all the subjects were used for training

and testing.

3.2.5 Performance metrics

The performance of the epileptic seizure detection algorithm using SDI feature

and SVM classifier was evaluated in terms of sensitivity, false detection rate,

median detection delay and F measure [9, 47, 88].

• Sensitivity: the number of correctly identified epileptic seizure events.
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• False detection rate: percentage of false detection during normal EEG

over a period of data.

• Median detection delay: an average delay between expert marking and

algorithm detection.

• F measure: The F measure is the harmonic mean of precision and recall.

The recall is the same as sensitivity and precision is positive predictive

value.

3.3 Results

3.3.1 Analysis of SDI feature

According to the behavior of the SDI feature discussed earlier (refer to Section

2.3), a seizure onset can be captured by the significant increase in its values. A

Wilcoxon rank sum test exhibit p < 0.05 and z-score of -70.51 between nor-

mal and epileptic EEG. Further, descriptive statistics such as mean±standard

deviation, upper quartile, lower quartile, and inter-quartile range between nor-

mal and epileptic showed a significant difference. Fig. 3.2 represents the box-

plot of SDI derived from normal and epileptic seizures EEG for each channel.

From the boxplot, the excellent discrimination between two activities was no-

ticeable in each channel.

Fig. 3.3a shows the epileptic EEG example from DB1 and Fig. 3.3b shows

the image derived using SDI values for corresponding channels. As can be

seen, a significant increase in the SDI during seizure activity that is between

1110 sec and 1171 sec. The topographical map describes the distribution of
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FIGURE 3.2: Boxplot derived from SDI correspond to normal (black boxes) and
epileptic seizures EEG (blue boxes). The red + indicates the outliers which are
beyond the whiskers. A Wilcoxon rank sum test showed p < 0.05 between normal

and epileptic seizures SDI in each channel.

electrical activity across the brain by considering electrodes potential [116]. In

this study, the SDI value of each channel was mapped onto the topoplot using

the International 10-20 system electrode placement. Figs. 3.3c and 3.3d show

the topographical map derived from SDI for the EEG shown in Fig. 3.3a. It is

clear from the topoplot that the seizure onset started at 1110 sec and continued

till 1171 sec. Refer to Appendix A for EEG and corresponding SDI values

obtained for DB2 and DB3.

3.3.2 Seizures detection results

Fig. 3.4 presents the EEG, SDI and SVM classifier output corresponding to

randomly selected channels F7, T3, T5, and P3. The seizure onset is at 1110

sec and offset is at 1171 sec according to the neurologist. As shown in the
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FIGURE 3.3: (a) Epileptic seizure EEG example from DB1. The red marker indi-
cates the beginning of the seizure onset and green marker its end. (b) Image derived
from SDI for the EEG as shown in Fig. 3.3a. The x-axis, and y-axis represent time
and channel respectively. The colormap represents the SDI values. (c) & (d) The
topographical map for the same EEG between 1085 to 1181 sec derived from SDI.

middle panel of the Fig. 3.4, SDI was found to be significantly higher dur-

ing epileptic activities that is well discriminated from normal EEG. Thus, the

epileptic seizure activity was identified correctly shortly after the onset by the

SVM algorithm as shown in the lower panel of the Fig. 3.4 in red color. Ap-

plying the proposed algorithm to DB1, results showed the mean sensitivity of

97.53% with the mean false detection rate of 0.4/h, median detection delay of

1.5 sec and an F measure of 97.22%.

The study was extended on DB2 and DB3 to validate the efficiency, gen-

eralization capability, and robustness of SDI for seizure detection. Table 3.3

shows epileptic seizure detection results using all the three databases. Exper-

imental results revealed that the mean sensitivity of 97.28%, mean false de-

tection rate of 0.57/h, median detection delay of 1.7 sec and an F measure of
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FIGURE 3.4: EEG, SDI, and SVM classifier output corresponding to different
channels. The seizure starts at 1110 sec and ends at 1171 sec. Classifier output
0 and 1 represent normal and seizure activity respectively. First row: EEG, Sec-

ond row: SDI, and Third row: classifier output.

96.29% for DB2. From DB3, 106 and 210 subjects with epilepsy and normal

subjects were selected respectively from the huge EEG resource. The mean

sensitivity of 95.80%, mean false detection rate of 0.49/h, median detection

delay of 1.5 sec and an F measure of 94.70% were obtained. Fig. 3.5 shows

the receiver operating characteristic curve obtained for the seizure detection

algorithm for all the three databases. The area under the curve of 0.9811,

0.9756, and 0.9623 was obtained for DB1, DB2, and DB3 respectively.

TABLE 3.3: Results of epileptic seizure detection using the proposed method.

Database Sensitivity False detection Median detection F measure
(%) rate (/h) delay (sec) (%)

DB1 97.53 0.40 1.5 97.22
DB2 97.28 0.57 1.7 96.29
DB3 95.50 0.49 1.5 94.70
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FIGURE 3.5: Receiver operating characteristic curve obtained from all the three
databases. The area under the curve of 0.9811, 0.9756, and 0.9623 was obtained

for DB1, DB2, and DB3 respectively.

3.3.3 Automated detection using GUI

To provide an automated seizure detection, we have developed a graphical user

interface (GUI) in MATLAB 2017b using APP Designer. The GUI tests the

EEG by feeding its SDI feature into the trained model (refer to Fig. 3.1). The

screenshot of the automated seizure detection tool is displayed in Fig. 3.6. The

detailed function of each component in the GUI is given in Table 3.8 (refer to

Appendix B). The GUI video is available at https://bit.ly/2O7xDxN.

The sample EEG was shown in Fig. 3.6 includes an epileptic seizure event that

was correctly detected using our algorithm. Finally, the results obtained using

GUI were validated by experts.

https://bit.ly/2O7xDxN
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FIGURE 3.6: Screenshot of automated seizure detection implemented in MAT-
LAB. Panel 1: Axes show EEG of all 19 channels that include two seizure events.
Panel 2: Figure shows the SDI of the selected channel T4. Panel 3: Figure shows
the classifier output of the channel T4. Panel 4: The topoplot designed for every 1

sec of EEG.

3.4 Discussion

The foremost importance of our real-time automated seizure detection algo-

rithm was to achieve better performances regarding sensitivity, false detec-

tion rate, and median detection delay. Hence, to meet the objective, we have

proposed the seizure detection algorithm using SDI and SVM classifier. It

was observed that SDI increases significantly during the epileptic activity that

confirms the suitability of SDI for identifying brain activities. Experimental

results showed the highest sensitivity of 97.53%, the false detection rate of

0.4/h, median detection delay of 1.5 sec, and an F measure of 97.22% among

the three databases, which provide evidence for clinical implementation in

real-time.

The rationale behind using the determinant of all four coefficients has been
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TABLE 3.4: Sensitivity obtained using linear classifiers for all the three databases.

Classifier DB1 (%) DB2 (%) DB3 (%)

Linear regression 94.00 75.36 86.46
Linear discrimination 63.63 89.80 86.34
Linear SVM 95.12 88.36 88.35

explained here. During the initial simulation, it was observed that alone X+

was more susceptible to outliers. The coefficient X− was obtained by succes-

sively decomposing the EEG time series where it retained the high-frequency

component. This formed the basis for estimation of SDI where it calculates the

determinant by taking all four coefficients. The net impact was that the SDI

was not susceptible to more outliers that significantly improved the classifica-

tion results. Thus SDI outperformed over other feature extraction methods.

3.4.1 Classification results using other classifiers

Table 3.4 shows the comparison results of the proposed study using three linear

classifiers, namely linear regression, linear discrimination, and linear SVM

classifiers. Among all the three databases, the results obtained using radial

basis kernel function based SVM classifier (refer to Table 3.3) was superior as

compared to the results of linear classifiers. Further, it was observed that the

false detection rate was too high using linear classifiers.

3.4.2 Comparison with wavelet decomposition

Wavelet decomposition of EEG signals using different mother wavelets and

decomposition levels have been widely used for seizure detection [21, 47, 79,
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107, 110]. The majority of the studies have used different mother wavelets,

namely Haar, Symlets, Coiflets, and Meyer and varied the decomposition lev-

els until 8. In order to compare the computational time of different wavelets

against SDI, above mentioned wavelets were decomposed till 8th level fol-

lowed by estimation of wavelet energy using DB1. Wavelet energy was con-

sidered as a feature due to the reason that it has shown superior performance.

Fig. 3.7 shows the computation time required for feature extraction using

different mother wavelets. In total, the mean time was calculated from 10 tri-

als. As the results demonstrated, the computation time taken from the SDI

approach was 1.25 sec that was less than all wavelet-based results. Besides,

Coiflets and Meyer wavelets at the 6th level of decomposition showed the

highest sensitivity of 96.2%. On the other hand, the lowest sensitivity of 89.6%

was attained for Symlets wavelet at the 8th level of decomposition. The sen-

sitivity of 96.2% achieved by Coiflets and Meyer wavelets at the 6th level

was slightly less than the sensitivity of 97.53% shown by SDI. Interestingly,

the highest sensitivity by Coiflets and Meyer wavelets at the 6th level was

achieved at the highest computation time of 10.50 sec among all. However,

the computation time taken by SDI was only 1.25 sec that was less in com-

parison with results obtained using wavelets. Hence, as compared to the SDI

method, the wavelet-based approach required the selection of mother wavelet

and decomposition level for better results at the cost of computational time.

3.4.3 Comparison with state-of-the-art approaches

Table 3.5 shows the comparison of the proposed method against existing meth-

ods that used different databases. As compared to the studies [88, 99, 105,
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FIGURE 3.7: Computation time (sec) required for estimation of wavelet energy
using wavelet decomposition and SDI on DB1. The legends in each color show
the level of decomposition. The SDI results are presented for the last level of

decomposition. p < 0.05(∗), p < 0.01(∗∗), p < 0.001(∗ ∗ ∗).

117], the highest sensitivity of 97.53% was achieved in our study. Similarly,

the lowest median detection delay of 1.5 sec was obtained in our method that

was lower than other studies reported in Table 3.5. Further, the false detection

rate of 0.40/h was better as compared to studies [85, 100, 102, 117]. Attention

must be taken while comparing the performance between various approaches

since researchers have used different EEG databases.

In order to compare the performance and examine the efficiency of SDI

feature, we perform a comparative study using other existing feature extraction

methods. The features considered for the comparative study include: spectral

entropy [81], approximate entropy [27], sample entropy and statistical features

[8], log energy entropy derived from wavelet packet decomposition [21], and

wavelet entropy [36] have been implemented on DB1 and classified using the
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TABLE 3.5: Performance comparison of state-of-the-art epileptic seizure detection
algorithms. The results of our method are highlighted in bold.

Author Method Classifier Sensitivity
(%)

Median detection
delay (sec)

False detection
rate (/h)

[88] Wavelet decomposition, morphology, SVM 94.24 8 15/60h
and Spatial features

[100] Spatial features SVM 96 3 2/24h
[102] Combined seizure index Threshold 90.5 7 0.5/h

[103]
Spectral parameters, time domain,
wavelet analysis parameters,
and complexity measures

RENN 100 4 0.023/h

[104]
Signal amplitude variation
and regularity statistics Quantitative analysis 90.4 - 0.06/h

[85] Multi-features SVM 89 - 1/h
[99] STFT and statistical features Adaptive threshold 89.9 - 0.19/h

[105]
Relative amplitude and
relative fluctuation index

Improved wavelet
neural networks 96.72 - 0.27/h

[117] HRV
Multivariate statistical
process control 91 - 0.7/h

Proposed SDI SVM 97.53 1.5 0.40/h

SVM classifier. Table 3.6 shows the performance comparison in terms of com-

putational time required for feature extraction and classification results. Even

though the sensitivity of the other feature extraction methods was close to SDI,

our method outperformed other methods in terms of computation time. It has

almost 2.13% improvement in sensitivity as compared to [36] and 2.23% as

compared to [81] and [21]. Further, approximate entropy [27] was found to

be computationally expensive as reported in [21]. The false detection rate was

superior in the proposed method as compared to the other features reported in

Table 3.6. Overall, we observed the best performance by SDI against other

existing feature proposed for seizure detection.

The spectral [81], approximate [27], sample [8], log energy [21], and

wavelet [36] entropy methods have been implemented on all three databases

and classified using the SVM classifier. Fig. 3.8a showed an F measure ob-

tained for different entropies and SDI. The highest F measure was obtained

using the SDI feature for all the three databases. The least F measure of
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TABLE 3.6: Performance comparison of SDI with other feature extraction methods
on DB1 using the SVM classifier. The best performances are highlighted in bold.

Method Computation
time (sec)

Sensitivity
(%)

Median detection
delay (s)

False detection
rate (/h)

Spectral entropy 14.01 95.30 1.5 0.70
Approximate entropy 159.76 93.20 1.6 0.95
Wavelet entropy 6.02 95.40 1.5 0.64
Sample entropy and statistical features 13.98 94.21 1.55 0.88
Wavelet packet decomposition
and log energy entropy 8.33 95.30 1.5 0.64

SDI 1.25 97.53 1.5 0.40

93.20% (approximate entropy), 92.10% (sample entropy) and 91.00% (sample

entropy) was observed for DB1, DB2, and DB3 respectively.

The algorithms proposed in [28, 31, 88, 118] have used the same EEG

recordings from DB2, and the results are reported in Table 3.7. The highest

sensitivity and less detection delay were achieved in our study as compared

to the other methods reported in Table 3.7. An improvement of 1.28% in

sensitivity and 12.3 sec in mean detection delay was achieved in comparison

to [31]. The false detection rate of 0.13/h in [31, 118] was better than ours,

but the other two performances were better in our method. These comparisons

underline that proposed method is a robust method for seizure detection.

In our previous study [19], classification of epileptic seizure was performed

based on a threshold parameter derived using MVMFzEn. EEG recordings

from 20 channels were taken into consideration to estimate the MVMFzEn

followed by a threshold. However, in the proposed study, the decision was

made based on the individual channel information. Our previous study [19]

was implemented using only 38 subjects but, present study was extended the

validation on 115 subjects.

Several non-linear entropy measures developed from the concepts of chaos
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TABLE 3.7: Performance comparison for different methods using DB2. The best
performances are highlighted in bold.

Author Method Sensitivity (%) Median detection
delay (sec)

False detection
rate (/h)

[88] Wavelet decomposition, morphology, 94.24 8 15/60h
spatial features and SVM

[100] Spatial features and SVM 96 3 2/24h

[31]
Lacunarity and Bayesian linear
discriminant analysis 96.25 13.8 0.13/h

[28] Multivariate feature and SVM 70 - -

[118]
Sparse rational decomposition,
the local Gabor binary patterns and SVM 91.13 - 0.35

Proposed
method SDI and SVM 97.53 1.5 0.40/h

and non-linear dynamics have been introduced for the recognition of epileptic

EEG signals [27, 36, 47, 80, 81, 107]. Some of the entropy features, namely

Shannon entropy, Renyi entropy, approximate entropy, sample entropy, per-

mutation entropy, fuzzy entropy, and distribution entropy have been proposed

and achieved promising results in the field of epilepsy detection. Further, re-

sulting entropy of the EEG signal bounded in a range due to its nonlinear prop-

erty. The detection of epileptic seizure would be possible using entropy mea-

surements, whereas it would be difficult to identify the intensity of the seizure

occurrence accurately due to the bounded entropy. However, the proposed

SDI feature performs linear measurement showing the excellent reflection of

variation in the EEG signal for the epileptic condition. Such a thing helps in

identifying the intensity of epileptic activity in a specific EEG channel or the

location of the brain.
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3.4.4 Relative performance

We have compared the results of different entropies using the relative perfor-

mance (RP) [21]. In this study, RP was measured using an F measure and

computation time (sec). The RP can be written as:

RP =
(100− Fmeasure)
Computation time

(3.9)

The higher the RP indicates better performance of the algorithm [21]. Best

RP can be obtained with the higher F measure and less computation time. Fig.

3.8b shows the RP obtained for different entropies using all three databases.

As can be seen, the SDI algorithm showed the highest RP as compared to the

other entropies of all three databases.

The complete study was conducted on MATLAB 2017b using 8GB RAM,

CPU 2 GHz with an Intel i3 processor. The average/median computation time

required to extract SDI for a 19 channels x 1 sec EEG epoch was about 281

µ/262 µ sec.

3.4.5 Limitations and future directions

The proposed method is yet to be implemented on a hardware platform. Al-

though it performed well for seizure detection in MATLAB software, it must

be implemented in hardware for real-time seizure detection. Further, parallel

processing for feature extraction from multichannel EEG in real time would

reduce the computation time that enhances the performance of the overall al-

gorithm. The cross-database evaluation (using three or more databases) of the

seizure detection will be implemented in future study.
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FIGURE 3.8: Comparison results using different entropies on all three databases (a)
F-measure (b) Relative performance. p < 0.05(∗), p < 0.01(∗∗), p < 0.001(∗ ∗

∗).

3.4.6 Summary of the study

In summary, we have evaluated the SDI feature using three databases for au-

tomatic seizure detection in long-term EEG. Experimental results confirm that
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seizure detection using SDI feature outperforms in terms of sensitivity, false

detection rate, and median detection delay. Our conclusions are based on sta-

tistical analysis, classification results and comparison results. Also, MATLAB

GUI was developed for automated seizure detection. Therefore, the proposed

automated system for seizure detection can significantly reduce the neurolo-

gist burden that enhances the efficiency of medical diagnosis and the treatment

of patients with epilepsy.

3.5 Conclusion

A novel feature called SDI was proposed and evaluated for real-time recog-

nition of epileptic seizure in long-term EEG using three databases. It was

observed that the SDI better tracks the transition in the EEG by reflecting the

significant increase during seizure activity with less computation complex-

ity. The significant difference (p < 0.05) was observed between normal and

epileptic seizures EEG. Classification results revealed the sensitivity- false de-

tection rate- median detection delay of 97.53%-0.4/h-1.5 sec, 97.28%-0.57/h-

1.7 sec, 95.80%-0.49/h-1.5 sec using DB1, DB2 and DB3 respectively. The

computation time analysis shows that SDI is faster among several feature ex-

traction methods including wavelet-based features and other feature extraction

methods. Experimental results obtained using SDI performed better than ex-

isting methods on all three databases proving the robustness, efficiency and

general applicability of the proposed seizure detection algorithm. Hence, the

proposed algorithm is the optimal choice to assist neurologists as a valuable

diagnostic tool providing better and timely care for epilepsy patients.
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Appendix A

Fig. 3.9a illustrates the EEG from DB2 (subject no:chb01) and Fig. 3.9b

shows its image representation derived from SDI feature. An epileptic seizure

activity begins at 327 sec and ends at 420 sec, Fig. 3.9b shows a significant in-

crease of SDI during seizure activity. Similarly, Fig. 3.10a shows the epileptic

EEG from DB3 (subject no.:1217, session:s03, and file:a02) and Fig. 3.10b

presents an image representation of the corresponding SDI feature.
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FIGURE 3.9: (a) Epileptic EEG example collected from DB2 which consist of 23
bipolar channels and display shows the EEG between the time duration of 300 secs
to 500 secs. (b) Image derived from SDI for the EEG as shown in Fig. 3.9a. The
x-axis and y-axis represent time and channel respectively. The colormap represents

the SDI values.

Appendix B

Table 3.8 shows the functions of MATLAB GUI components.
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FIGURE 3.10: (a) Epileptic EEG example collected from DB3 which consist of 19
channels and EEG displayed between the time duration of 170 secs to 255 secs. (b)
Image derived from SDI for the EEG as shown in Fig. 3.10a. The x-axis and y-axis
represent time and channel respectively. The colormap represents the SDI values.
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TABLE 3.8: Functions of MATLAB GUI components.

GUI Components Function
Load EEG file It loads the EEG file from the folder
Panel 1 Display EEG
Panel 2 Display SDI of selected channel
Panel 3 Display classifier output of the channel shown in Panel 2
Panel 4 Display topoplot for every 1 sec of EEG
Segmentation Window length for feature extraction (default: 1 s)
Time per page Duration of EEG displayed in one page (default: 70 s)
Notch Checked box shows EEG with 50 Hz line noise (default: Notch applied)
Artifact removal Checked box shows EEG with artifacts (default: ICA applied)
Resolution Sensitivity for EEG display (default: 10 µs)
Previous window Display previous window EEG (previous 70 s)
Next window Display next window EEG (next 70 s)
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Abstract

The electroencephalogram (EEG) signal contains useful information on phys-

iological states of the brain and has proven to be a potential biomarker to

realize the complex dynamic behavior of the brain. Epilepsy is a brain dis-

order described by recurrent and unpredictable interruption of healthy brain

function. Diagnosis of patients with epilepsy requires monitoring and visual

inspection of long-term EEG by the neurologist, which is found to be a time-

consuming procedure. Therefore, this study proposes an automated seizure

detection model using a novel computationally efficient feature named sig-

moid entropy derived from discrete wavelet transforms. The sigmoid entropy

was estimated from the wavelet coefficients in each sub-band and classified us-

ing a non-linear support vector machine classifier with leave-one-subject-out

cross-validation. The performance of the proposed method was tested with

the Ramaiah Medical College and Hospital (RMCH) database, which consists

of the 58 Hours of EEG from 115 subjects, the University of Bonn (UBonn),

and CHB-MIT databases. Results showed that sigmoid entropy exhibits lower

values for epileptic EEG in contrary to other existing entropy methods. We

observe a seizure detection rate of 96.34%, a false detection rate of 0.5/h and

a mean detection delay of 1.2 s for the RMCH database. The highest sensitiv-

ity of 100% and 94.21% were achieved for UBonn and CHB-MIT databases

respectively. The performance comparison confirms that sigmoid entropy was

found to be better and computationally efficient as compared to other entropy

methods. It can be concluded that the proposed sigmoid entropy could be used

as a potential biomarker for recognition and detection of epileptic seizures.
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4.1 Introduction

Epilepsy is a neurological disorder that affects the brain and will have a pro-

found influence on patients’ daily lives. A sudden discharge of electrical ac-

tivity in the brain causes temporary brain dysfunction, which is referred to as

seizure and recurrent seizures lead to epilepsy [2, 119]. The World Health

Organization (WHO) estimated that epilepsy affects 50 million people world-

wide [119]. The electroencephalogram (EEG) signals have proven to be a

potential biomarker for detection and recognition of epilepsy [2]. A thorough

inspection of the long-term EEG recordings is necessary to recognize the ab-

normal EEG patterns, which are found to be time-consuming, costly and lead-

ing to human errors. Though several automated, computer-aided algorithms

for seizure detection were proposed earlier, there is still scope for identifying

better biomarkers for real-time seizure detection.

Neurological disorders cause changes in EEG patterns, which could be

used as a marker for the diagnosis. It was shown that non-linear methods

could provide potential markers for EEG analysis over conventional methods

[2, 120, 121] however, several limitations exist which needs to be solved. To

design an automated seizure detection system, it is essential to extract features

that describe the morphology of the epileptic seizures from EEG signals in

a better manner. Studies have reported that the best feature significantly im-

proves the algorithm performance [80, 84, 122]. Thus, we propose a novel

feature named sigmoid entropy derived from the sigmoid function that offers a

significant nonlinear behavior to capture robust markers for seizure detection.

For epileptic seizure detection, studies based on non-linear entropy have
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shown significant results in terms of sensitivity as compared to other known

EEG derived features. It can be observed from the literature that variations of

entropy methods have been applied for seizure detection [27, 47, 80, 84, 115,

122, 123, 124, 125, 126]. Different entropy methods such as approximation

entropy (ApEn), sample entropy, phase entropy 1 and phase entropy 2 have

been used for the automatic detection of normal, pre-ictal, and the ictal condi-

tions [80]. Among the seven different classifiers described in [80], fuzzy clas-

sifier showed the highest accuracy of 98.1%. Permutation entropy was used

to identify the changes in EEG signals during absence seizures [123, 125].

A method based on discrete wavelet transforms (DWT), and ApEn obtained

100% classification accuracy using an artificial neural network [47]. Srini-

vasan et al. showed a classification accuracy of 100% between normal and

epileptic EEG using ApEn and artificial neural network classifier [27]. Opti-

mized sample entropy with extreme learning machine method showed a high

accuracy of 99.0% [124]. Fuzzy entropy and support vector machine (SVM)

based approach for the detection of epileptic seizures showed acceptable re-

sults [126]. Acharya et al. [18] gave a systematic review of the application

of various entropy methods to differentiate normal, interictal, and ictal EEG

signals. A patient non-specific algorithm showed a specificity of 99.9%, sen-

sitivity of 87.5% and a false positive rate 0.9/h [127].

In [98], weighted permutation entropy showed distinguishable band for

seizure and normal EEG segments. An accuracy of 99.0% was achieved

using SVM classifier between healthy subjects (with eyes open and closed)

and epileptic patients [98]. Automated threshold-based detection of epileptic
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seizures was proposed using a novel feature called minimum variance mod-

ified fuzzy entropy [19]. In this study, relative energy was used as a mem-

bership function to estimate fuzzy entropy and an accuracy of 100% was ob-

tained using the threshold method. In [19, 98], lower entropy was observed for

epileptic seizures EEG, which were in contrary to other entropy methods pro-

posed in [21, 27, 36, 47]. Wavelet packet transforms followed by log energy

and norm entropy showed an accuracy of 99.7% using recurrent Elman neural

network [21]. Further, Renyi, spectral, Shannon and wavelet entropy methods

were explored for the classification of epileptic seizures [36, 66, 81, 110]. The

above-mentioned entropy-based studies demonstrated promising classification

results for epileptic seizure detection.

On the other hand, a framework using DWT and SVM was proposed for

the epileptic focus localization problem [42]. In this study, seven commonly

used wavelet families (Coiflets, Daubechies, Discrete Meyer, Haar, Biorthog-

onal, Reverse biorthogonal, Symlets) were considered for the EEG signal de-

composition. An accuracy of 88.0% was obtained using optimal frequency

bands and wavelet coefficient features. Statistical features extracted from

wavelet decomposed EEG were classified using the relevance vector machine

(RVM) classifier [128]. Similarly, statistical features estimated from DWT

showed an accuracy of 97.83% using combined neural network model [129].

Faust et al. [130] proposed a review on wavelet-based EEG processing for

seizure detection. Further, signal energy [131], Eigenvalues [9], and 21 differ-

ent features [132] were investigated for the classification of epileptic seizures

and promising results were reported. Transfer learning semi-supervised learn-

ing fuzzy system based model was found to be computationally intensive for
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solving real-time seizure detection [133]. A deep convolution neural network-

based approach was introduced recently for automated seizure detection us-

ing EEG signals [39, 134]. The SVM classifier has been extensively used

for epileptic seizure detection due to its efficient generalization ability and

promising results [42, 58, 132, 135].

A number of studies [21, 42, 43, 47, 79, 82, 93, 97, 110, 129, 130, 131,

135, 136, 137] have employed wavelet transforms for seizure detection and

have reported promising results. Therefore, in this study, EEG signal was

decomposed using DWT with five different wavelet functions.

The thorough literature survey suggests that the classification results could

be further improved through an optimal selection of the feature extraction

method and classifier. It is essential that the algorithm computation time

should be very short for real-time seizure detection. Hence, in this study,

in order to achieve better performance over existing methods, a novel feature

referred to as sigmoid entropy derived from DWT coefficients was introduced.

A SVM model was later employed to classify seizure and non seizure patterns.

The rest of the paper is organized as follows. In Section 2, a brief descrip-

tion of the sigmoid entropy and the database used for the study is described.

The results of the study are presented in Section 3 and performance compari-

son is discussed in Section 4. Finally, Section 5 concludes the paper.
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4.2 Methodology

4.2.1 Proposed method

Fig. 4.1 depicts the block diagram of the proposed seizure detection algorithm

that uses a DWT based sigmoid entropy and SVM classifier. The EEG record-

ings were pre-processed using a notch filter and a bandpass filter to remove any

noise. An independent component analysis was performed to remove any ar-

tifacts. The EEG was segmented into 1 s length to maintain the stationarity of

the signal. Further, the EEG signal was decomposed using DWT consisting of

five different mother wavelets. Subsequently, sigmoid entropy was estimated

in both time and frequency domain using amplitude and power spectral density

of the EEG signal. Finally, the extracted features were classified using SVM

classifier with the segment and event-based approaches and the performance

of the algorithm was evaluated using three databases.

4.2.2 Clinical data

In this study, three EEG databases were used to validate the proposed seizure

detection algorithm. The first database was obtained from the Ramaiah Med-

ical College and Hospitals (RMCH), Bengaluru, India. Ethical clearance was

obtained from the RMCH ethics committee to study EEG recordings for re-

search purpose. The unipolar scalp EEG was recorded using 19 electrodes

placed according to the International 10-20 system of configuration at a sam-

pling rate of 128 Hz using Galileo Suite-EB Neuro EEG system. The database
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FIGURE 4.1: Block diagram of the proposed seizure detection algorithm using
DWT based sigmoid entropy and SVM classifier for the RMCH database.

comprises of 115 subjects, which include 67 male and 48 female, ranging be-

tween 2.5 to 75 years of age. Among the 115 subjects, 38 were suffered from

epilepsy and 77 were healthy subjects. The scalp EEG was recorded from the

following electrode positions: Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4,

T4, T5, P3, Pz, P4, T6, O1, and O2. Two experts with the same display set-

ting were visually labeled the EEG recordings as normal and epileptic events.

The seizure activities with a minimum duration of 6 s and a maximum of any



108

period were considered for the study.

The second database used in our study was a publicly available database

from the University of Bonn (UBonn) 1 [33]. The EEG recordings were ob-

tained from Five different patients who have undergone presurgical evalua-

tions. The EEG recordings in UBonn database were divided into five sets (A-

E), each set consisting of 100 single channel EEG segments of 23.6 s duration

recorded at a sampling rate of 173.61 Hz. Each subset A, B, C, D, and E rep-

resent the states of normal with eyes open, normal with eyes closed, pre-ictal,

post-ictal and ictal respectively. For this study, classification problems, namely

{A}-{E}, {ACD}-{E}, {ABCD}-{E}, and {AB}-{CD}-{E} were formed us-

ing five different subsets [9, 47, 89, 137].

The third database was collected from CHB-MIT [88], an open-source

EEG available in Physionet repository 2. This database consists of 844 hours

of EEG recordings, which comprises of 182 seizures recorded from 23 pa-

tients. The recordings were obtained from 23 channels placed according to

10-20 International system bipolar montage electrode placement and recorded

at a sampling rate of 256 Hz. One can refer to [88, 100] for more details on

the EEG database and patient information.

4.2.3 Preprocessing

For the RMCH database, EEG was pre-processed using suitable signal pro-

cessing techniques. A 50 Hz notch filter was used to attenuate the power line

interference. Further, EEG time series were filtered using a bandpass filter

1http://epileptologie-bonn.de/cms/front_content.php?idcat=193&lang=3&changelang=3
2http://www.physionet.org/pn6/chbmit
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with the lower and a higher cut-off frequency of 0.5 Hz and 40 Hz respec-

tively. An independent component analysis was applied to the EEG signal to

remove artifacts such as eye blinks, chewing, muscular artifacts, etc [138]. In

our study, filtering techniques were not employed on UBonn and CHB-MIT

databases as the available data was already pre-processed.

4.2.4 Discrete wavelet transform

DWT is a spectral analysis technique that provides a multi-resolution and time-

frequency analysis of non-stationary EEG signal [139, 140]. DWT has been

used extensively for seizure detection and promising results were achieved

[21, 42, 43, 47, 79, 82, 93, 97, 110, 129, 130, 131, 135, 136]. DWT comprises

pairs of low pass filter (approximation coefficients) and high pass filter (de-

tail coefficients). At each level of DWT, the signal is simultaneously passed

through a set of low pass filter and high pass filter followed by downsampler

(refer to Fig. 4.2). The selection of the decomposition level depends on the

dominant frequency components of the signals [79, 92, 139, 140].

The wavelet ψi can be obtained from the following relationship [139]:

ψ2i =
1√
2

∞

∑
k=−∞

h(k)ψi
(

t
2
− k
)

(4.1)

ψ2i+1 =
1√
2

∞

∑
k=−∞

g(k)ψi
(

t
2
− k
)

(4.2)

Here, i is the modulation parameter, k is the translation parameter, ψi is

the mother wavelet, h(k) is the low pass filter and g(k) is the high pass filter
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associated with the scaling function and the mother wavelet function [139,

140].

The wavelet coefficient ci
j,k ( j is the dilation parameter) corresponding to

a signal s(t) can be obtained as [139],

ci
j,k =

∞∫
−∞

s(t)ψi
j,k(t) dt (4.3)

Based on the previous studies reported on seizure detection [47, 79, 82, 93,

97, 110, 130, 131, 135, 136], we have selected five most commonly used

wavelets, namely Haar, Coiflets (Coif4), Discrete Meyer (Dmey), Biorthogo-

nal (Bior3.1) and Reverse Biorthogonal (Rbio3.1). These studies have proved

that above-mentioned mother wavelets were well suited for EEG signal anal-

ysis.

Fig. 4.2 shows the structure of wavelet decomposition of an EEG signal

up to the fifth level. The decomposition levels until the fourth, fifth, and fifth

levels were considered for RMCH, UBonn, and CHB-MIT databases respec-

tively. The levels of decomposition selected were different as each database

has a different sampling frequency. The EEG sub-bands were selected, ensur-

ing different frequency ranges as it would reveal information associated with

that EEG band. The frequency ranges of approximation and detail coefficients

in each level were given in Table 4.1.

4.2.5 Sigmoid entropy

The latest improvements in non-linear dynamics theory or chaos theory pro-

vided a new concept to analyze EEG time series due to its high versatility. It is
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TABLE 4.1: Information about EEG sub-bands and frequency range of wavelet
decomposition of EEG signal for RMCH ( f s=128 Hz), UBonn ( f s=173.71 Hz)

and CHB-MIT ( f s=256 Hz)

Decomposition
level

Sub-
bands

Frequency range
of sub-bands

Frequency range (Hz)

RMCH UBonn CHB-MIT
1 A1 0-fs/4 0-32 0-43.4 0-64

D1 fs/4-fs/2 32-64 43.4-86.8 64-128

2
A2 0-fs/8 0-16 0-21.7 0-32
D2 fs/8-fs/4 16-32 21.7-43.4 32-64

3
A3 0-fs/16 0-8 0-10.85 0-16
D3 fs/16-fs/8 8-16 10.85-21.7 16-32

4
A4 0-fs/32 0-4 0-5.43 0-8
D4 fs/32-fs/16 4-8 5.42-10.85 8-16

5
A5 0-fs/64 - 0-2.70 0-4
D5 fs/64-fs/32 - 2.70-5.43 4-8

FIGURE 4.2: Structure of wavelet decomposition of EEG up to the fifth level.

a well-known fact that EEG contains nonlinear elements, which is a reflection

of the neuronal activity in the brain. The sigmoid function is one of the most
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FIGURE 4.3: Sigmoid function with the output between 0 and 1.

widely used activation functions in neural networks. The advantage of this ac-

tivation function is, unlike the linear function is that its output is always in the

range of 0 and 1. Therefore, we propose sigmoid entropy to analyze EEG time

series data by exploiting the nonlinear characteristics of the sigmoid function.

4.2.5.1 Definition

A sigmoid function is a particular case of the logistic function having “S” shaped

curve (refer to Fig. 4.3) defined by (4.4)

σ(t) =
1

1 + e−t (4.4)

4.2.5.2 Sigmoid entropy

The sigmoid function is used as a feature for epileptic seizure detection as it

is widely used in the artificial neural networks as a nonlinear complex func-

tion. Assuming that n is the number of possible states that the amplitude of

wavelet decomposed EEG are quantized into and pi the probability of each
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state is p = {pi}, 0 ≤ pi ≤ 1 and
n
∑

i=1
pi = 1. In this study probability of the

occurrence of EEG signal is calculated using the histogram method by spec-

ifying bin ranges. The bin range of 0.05 µv was considered for all the three

databases.

Now by replacing t with p in (4.4), where p = {p1, p2, p3, .., pn}, (4.4) be-

comes

σ(p) =
1

1 + e−p (4.5)

Expanding (4.5) becomes

σ(p) =
1

1 + e−p1 + e−p2 + e−p3 + ... + e−pn
(4.6)

The amount of information captured by (4.6) is referred to as sigmoid entropy

(Hs) for time domain and (4.6) can be written as

Hs =
1

1 +
n
∑

i=1
e−pi

(4.7)

Similarly, sigmoid entropy for the frequency domain is calculated using

Hs =
1

1 +
n
∑

i=1
e−p fi

(4.8)

Where p f is probability values derived from power spectral density (PSD)

of the wavelet decomposed EEG signal that was calculated using the peri-

odogram method.
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The dynamic range of the sigmoid entropy lies between 0 and 1. Accord-

ing to the characteristics of the sigmoid function, maximum entropy of ‘1’ in-

fers less variation of the signal and more variation or fluctuation of the signal

indicated to low entropy.

4.2.5.3 Property of sigmoid entropy

The property of sigmoid function is defined as [141], If σ(t) = 1
1+e−t , then

differential equation is σ
′
(t) = σ(t)(1 − σ(t)). Similarly, the property of

sigmoid entropy can be written as,

if H(p) = 1

1+
n
∑

i=1
e−p

, then H
′
(p) = H(p)(1− H(p))

4.2.5.4 Additivity property

Shannon entropy [142] and Tsallis entropy [143] are well known extensive and

non-extensive entropy measures respectively. Given two independent systems

A and B, where HA and HB are their entropy values, respectively, for which

the joint probability density must satisfy the following properties.

1. Shannon entropy: H(A∪ B) = H(A)+ H(B) that meets the additive

property for H = −
n
∑

i=1
pilog2(pi) [142]

2. Tsallis entropy: Tsallis brings out the non-extensive entropy equation

as follows [143]

Sq =

1−
n
∑

i=1
(pi)

q

q− 1
(4.9)

where, n is the number of possible states of the system, and q is the

entropy index, and it defines the degree of non-extensive. The pseudo
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additivity property of the Tsallis entropy is given as [143]

H(A ∪ B) = H(A) + H(B) + (q− 1)H(A)H(B) (4.10)

3. Sigmoid entropy: As similar to the Shannon and Tsallis entropy, addi-

tivity property for sigmoid entropy can be written as:

Hs(A ∪ B) = Hs(A) + Hs(B)− δ(Hs(A)Hs(B)) (4.11)

where δ = (n − 1) + (1− er f (er f (
n
∑

i=1
pi = 1). We consider the erf

function because sigmoid function resembles Gaussian error function

shape [60]. The erf function is calculated for erf (1) since
n
∑

i=1
pi = 1.

Thus, δ can be rewritten as δ = (n− 0.7750).

Hence, (4.11) can be rewritten as follows:

Hs(A ∪ B) = Hs(A) + Hs(B)− (n− 0.7750)(Hs(A)Hs(B))

(4.12)

4.2.6 Classification

The classification of epileptic seizures was performed using the SVM classifier

as the good performance was reported in previous studies [25, 42, 47, 65, 89,

128, 135]. SVM uses kernel method to transform the feature set that draws

an optimal boundary between possible outputs [23]. The preliminary study

reveals better performance using radial basis function kernel and the same

was implemented for further analysis.
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In order to find the best wavelet and a decomposition level for seizure de-

tection on the RMCH database, a segment-based and event-based classifica-

tion approach was employed as reported in [98]. The optimal decomposition

level and wavelet were identified from a segment-based approach employed

for event-based classification approach. The SVM classifier was implemented

with leave-one-subject-out cross-validation method for the RMCH database.

To evaluate the segment-based approach, we have used performance mea-

sures, namely sensitivity, specificity, accuracy, and F measure [21, 47, 80].

F-measure is the harmonic mean of precision and recall. The recall is the

same as sensitivity and precision is the positive predictive value (PPV).

Sensitivity =
TP

TP + FN
(4.13)

Speci f icity =
TN

TN + FP
(4.14)

Accuracy =
TP + TN

TP + FP + TN + FN
(4.15)

Fmeasure = 2 · precision · recall
precision + recall

(4.16)

PPV =
TP

TP + FP
(4.17)

NPV =
TN

TN + FN
(4.18)



117

where, TP is true positive, FN false negative, TN is true negative and FP

is false positive.

Further, the performance of the event-based seizure detection on the RMCH

database was evaluated using seizure detection rate (SDR), false detection rate

(FDR) and mean detection delay (MDD) [100].

• SDR: Number of correctly detected epileptic seizure events

• FDR: Percentage of false seizure detections per hour

• MDD: Mean time difference between seizure occurrence and algorithm

detection

Similarly, UBonn database was evaluated using a segment-based approach

with 10-fold cross-validation and the performance was assessed in terms of

sensitivity, specificity, accuracy and F measure. Further, PPV and negative

predictive value (NPV) were used to compare the results with existing methods

(refer to Table 4.6) obtained using UBonn database.

Cohen’s Kappa coefficient is a statistical method that measures between

two raters [144] . In our study, two raters were an epileptic seizure and normal

EEG. Kappa determines if there is an agreement between two raters by chance

with a percentage. Table 4.2 shows cell probabilities for two raters. The pre-

dictions A and B represent the epileptic seizure and normal EEG respectively.

In other words, these predictions can be obtained from the confusion matrix.

To compute Kappa, first, we need to calculate the observed level of agree-

ment (Po) and expected agreement (Pe), which is given by [144]

Po =
PAA + PBB

PT
(4.19)
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TABLE 4.2: Calculation of Kappa values

Rater #1

Rater #2
Prediction of A Value Prediction of B Value

Prediction of A Value PAA PAB
Prediction of B Value PBA PBB

Pe =

(
PAA + PAB

PT
∗ PAA + PBA

PT

)
+

(
PAB + PBB

PT
∗ PBA + PBB

PT

)
(4.20)

where,

PT = PAA + PAB + PBA + PBB (4.21)

Finally, the Kappa coefficient is calculated as [144]

K =
Po − Pe

1− Pe
(4.22)

The Kappa is always less than or equal to 1. The Kappa coefficient with a value

of 1 implies perfect agreement and any value less than 1 can be interpreted as

follows: Poor agreement (< 0.2), Fair agreement (0.2-0.4), Moderate agree-

ment (0.4-0.6), Good agreement (0.6-0.8), and Very good agreement (0.8-1).

4.2.7 Alarm for seizure detection

Tawfik et al. [98] have proposed channel fusion based seizure detection by

combining the results obtained from different channels to determine the seizure

onset. Similarly, Zandi et al. [137] have proposed seizure alarm method, when

at least three different channel alarms occur within a duration of 5 s. Bogaarts
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et al. [84] have applied both epochs based and event-based seizure classifi-

cation. Their mechanism helped to reduce the false alarm and improve the

sensitivity.

In our study, to improve the performance of the algorithm, post-processing

of the SVM classifier in the event-based approach was employed as reported

in [84, 98, 137]. Fig. 4.4 depicts the procedure of alarm for seizure detection.

The channels were marked as seizure if at least three channels classifier output

was 1; otherwise, those channels were marked as non-seizure. The reason

behind choosing three channels for the decision making was that a minimum

of three channels was associated with seizures in case of focal seizures.

4.3 Results

4.3.1 Spectrogram analysis

Fig. 4.5 shows the EEG (channel T5) from the RMCH database and its spec-

trogram analysis before and after pre-processing. Figs. 4.5a & c shows raw

EEG and filtered EEG signal respectively. The line noise at 50 Hz can be ob-

served in Fig. 4.5b and spectrogram of filtered EEG are shown in Fig. 4.5d.

Spectrogram analysis revealed that PSD during epileptic activity was found to

be higher resulting in better discrimination as compared to the normal activity.

Therefore, good discrimination in terms of amplitude and PSD for epileptic

activity was achieved. These influenced to derive the DWT based sigmoid

entropy both in time and frequency domains.
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FIGURE 4.4: The flow chart of alarm for seizure detection. During the preliminary
visual marking and training phase of SVM, it was seen that the minimum duration
of seizure activities was found 6 s. Therefore, when the consecutive segments are
marked as seizures for a minimum of 6 sec, then it is considered as one seizure
event. This mechanism helped us to reduce the false detections that arise due to

artifacts and non-epileptic activities.

4.3.2 Analysis of sigmoid entropy using synthetic signal

We explore the sigmoid entropy to observe the changes in EEG signal under

different conditions. A synthetic signal was created which comprises of three

parts of 5 s duration each with different probability density functions [145]:

(A) Gaussian distribution with zero mean and standard deviation of 1, (B)
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FIGURE 4.5: An example of EEG (channel T5) from the RMCH database and
its analysis. (a) Raw EEG with 50 Hz line noise. (b) The spectrogram showing
the presence of line noise at 50 Hz and an increase in power value during seizure
activity. (c) EEG after applying a notch filter and bandpass filter (refer 2.2 for
filter specifications). (d) The spectrogram showing line noise is removed at 50
Hz and bandpass filtered between 0.5 - 40 Hz. The spectrogram was plotted with
the following specifications: Window=Hamming, Window length=128, Number of
overlap samples=120, Number of DFT points=128, and Sampling rate= 128 Hz.

normal EEG signal from channel T5, (C) epileptic EEG from channel T5.

Fig. 4.6 shows the analysis of sigmoid entropy for the synthetic signal. The

following were the facts derived from the synthetic signal analysis:

1. Entropy was less for Gaussian distribution and further less for epileptic

EEG.

2. Entropy was maximum for normal EEG.

3. The transition from one distribution to another was clearly seen.
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FIGURE 4.6: (a) A synthetic signal. (b) Sigmoid entropy in the time domain. (c)
Sigmoid entropy in the frequency domain.

4.3.3 Segment-based approach classification results

The segmentation length of 1 s was applied for feature extraction and seizure

detection. The EEG signal was decomposed up to the fourth level using Haar,

Coif4, Dmey, Bior3.1, and Rbio3.1 mother wavelets for RMCH database. An

example of decomposed EEG in D1, D2, D3, D4, and A4 sub-bands are shown

in Fig. 4.7. Fig. 4.8 shows the Boxplot of sigmoid entropy in time and fre-

quency domains derived from DWT. In Fig. 4.8 the black and green boxes

indicate the distribution of the sigmoid entropy values of normal and epileptic

EEG respectively. Boxplot analysis showed good discrimination in terms of

median, quartile, upper quartile and interquartile range for all the wavelets.

In order to find the best decomposition level and wavelet, we employed the

segment-based classification approach [84, 98, 137]. The optimal decomposi-

tion level and wavelet obtained in segment-based approaches were employed
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FIGURE 4.7: Wavelet decomposition of a sample EEG up to the fourth level using
Bior3.1 wavelet. The EEG displayed in the following order from top to bottom:

EEG, D1, D2, D3, D4, and A4 sub-bands.

for event-based classification approach. Fig. 4.9 shows the classification re-

sults achieved using the segment-based approach. The sensitivity of 100% was

seen in the D1 sub-band using Coif 4, Dmey, Bior3.1, and Rbio3.1 wavelets.

However, sensitivity obtained in the D1 sub-band using Haar wavelet was very

close to other wavelets. Further, again sensitivity of 100% was seen in the

D2 sub-band using Haar, Coif 4, Dmey, and Bior3.1 wavelets. The highest

sensitivity of 99.72% was achieved in the D3 sub-band using Dmey, Bio3.1

and Rbio3.1 wavelets. Similarly, Dmey and Bio3.1 wavelets in D4 sub-bands

showed 100% sensitivity. The maximum sensitivity of 99.97% seen in the A4

sub-band using Dmey wavelet. The results showed that all the wavelets were

capable of producing good sensitivity (i.e., seizure detection) using sigmoid

entropy. The specificity of 100% was obtained in D2 (Rbio3.1), D3 (Haar,

Coif4, and Bior3.1, and Rbio3.1), and D4 (Haar, Coif4, and Bio3.1) sub-

bands. The least sensitivity and specificity obtained was 92.28% in (Rbio3.1)
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(c) Coif4 wavelet
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(d) Coif4 wavelet
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(e) Dmey wavelet
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(f) Dmey wavelet
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(g) Bior3.1 wavelet
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(h) Bior3.1 wavelet
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(i) Rbio3.1 wavelet
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FIGURE 4.8: The boxplot of sigmoid entropy in the time domain (left column) and
frequency domain (right column). The box displayed in Black boxes and Green
boxes represents normal and epileptic EEG respectively. The data points displayed
using + are whiskers. Wilcoxon rank sum test showed p < 0.05 between normal
and epileptic EEG sigmoid entropy for all the wavelets and decomposition level.
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FIGURE 4.9: Classification results using a segment-based approach the RMCH
database. The results are grouped wavelet wise for each sub-band.

and 86.34% in D1 (Dmey) respectively. The highest sensitivity, specificity,

and accuracy of 100% was achieved using Bior3.1 wavelet in D4 sub-band.

In Fig. 4.9, the last bar shows the F-measure for the same. The least F-

measure were 93.05% (Dmey), 96.45% (Bior3.1), 98.10% (Coif4), 99.10%

(Rbio3.1) and 95.80% (Rbio3.1) in EEG sub-bands D1, D2, D3, D4, and A4

respectively. Among all the sub-bands and wavelets, highest sensitivity, speci-

ficity, accuracy, and F-measure of 100% was achieved using Bior3.1 wavelet

in D4 sub-band. Therefore, the segment-based approach showed that Bior3.1

wavelet in D4 sub-band is the optimal choice for the event-based approach.
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4.3.4 Event-based approach classification results

For the event-based approach, Bior3.1 wavelet in D4 sub-band was employed

as it showed superior performance (Section 3.3). Fig. 4.10 presents EEG, sig-

moid entropy in time and frequency domains and classifier output correspond-

ing to different channels of an epileptic patient data obtained from RMCH

database. According to the visual identification of the EEG by experts, the

seizure starts at 32 s and ends at 93 s. As shown in the right panel of Fig. 4.10,

the seizure was detected immediately after the onset at 32 s (in F4, T3, and

T5) and with some delay in channels Cz and P3. On applying the proposed

method to the complete epileptic data, which consist of 162 seizures, SDR of

96.34% along with the MDD of 1.2 s and FDR of 0.5/h was observed. Thus,

the proposed method was capable of capturing the seizure onsets shortly after

its occurrence reducing the detection delay. Nearly 60% of the seizure onsets

across each channel were detected within 1 s, and remaining were identified

within 2 s.

4.3.5 Results using UBonn database

The proposed method was applied to one of the gold standard EEG database

obtained from the UBonn [33] to evaluate the generalization and efficiency

of the algorithm. The sigmoid entropy feature extracted from the UBonn

database was classified using the segment-based approach with 10-fold cross-

validation. Since the sampling frequency of UBonn database was 173.71 Hz,

EEG was decomposed up to the fifth level. For UBonn database, the follow-

ing sub-bands were considered: D1 (fs/4-fs/2), D2 (fs/8-fs/4), D3 (fs/16-fs/8),
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FIGURE 4.10: The EEG, sigmoid entropy in time and frequency domain and clas-
sifier output corresponding to different channels of an epilepsy patient. The seizure
starts at 32 s and ends at 93 s. The description of data showed in this figure as fol-
lows: First column: EEG of different channels, Second column: Sigmoid entropy
in the time domain, Third column: Sigmoid entropy in the frequency domain, and

Fourth column: SVM classifier output.

D4 (fs/32-fs/16), D5 (fs/64-fs/32) and A5 (0-fs/64). The frequency content

within the sub-bands are as follows: 43.4-86.8 Hz, 21.7-43.4 Hz, 10.85-21.7,

5.42-10.85 Hz, 2.70-5.43 and 0-2.70 Hz for D1, D2, D3, D4, D5, and A5

respectively.

Fig. 4.11(a) shows the classification results obtained for the UBonn database

for the case {A}- {E}. The highest sensitivity of 99.28% (Rbio3.1), 99.83%

(RBio3.1), 99.92% (Rbio3.1), 99.92% (all except for Dmey), 100% (Coif4 and

Bior3.1) in D1, D2, D3, D4, and A4 sub-bands were obtained respectively. All

the four performance measures showed 100% in sub-band A5 using Haar and

Rbio3.1 wavelets. One can observe that results in D3, D4, and D5 sub-bands

using all the wavelets were close to 100% except in Dmey wavelet. The re-

sults obtained in D1 sub-band was less as compared to other wavelets except
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for Rbio3.1 wavelet. Dmey wavelet in all the sub-bands except D1 showed

poor performance against other wavelets. The interesting fact observed was

that the performance measures achieved using Rbio3.1 wavelet in all the bands

were greater than 99.24%. Further, Bior3.1 wavelet showed similar results to

Rbio3.1 wavelet in D3, D4, D5, and A5 sub-bands.

Fig. 4.11(b) shows the results obtained for classification problem {ACD}-

{E}. The highest classification accuracy of 95.61% was achieved using Bio3.1

wavelet in sub-band D4. Further, Haar wavelet in sub-band D1, Coif4 in sub-

band D3, Dmey in sub-band D3, and Rbio3.1 in sub-band D1 showed the

highest accuracy of 95.24%, 94.38%, 95.16%, and 95.21% respectively. The

highest classification accuracy of 96.23% was obtained using Haar wavelet in

sub-band D2 for classification problem {ABCD}-{E} (refer to Fig. 4.11(c)).

The 3-class classification problem {AB} -{CD}-{E} showed the highest ac-

curacy of 90.89% using Rbio3.1 wavelet in sub-band D2 (refer Fig. 4.11(d)).

4.3.6 Results using CHB-MIT database

The proposed method was tested on one of the largest EEG database CHB-

MIT [88] available in the open source. The classification methodology adopted

for the RMCH database was applied to this database also. Fig. 4.12 shows the

classification results obtained for CHB-MIT database. Good results were ob-

tained in D1 to D4 sub-bands using all the wavelets. The highest accuracy

of 88.48% (D3), 90.65% (D1), 90.78% (D4), 91.53% (D1), and 94.38% (D1)

was obtained using Haar, Coif4, Dmey, Bio3.1, and Rbio3.1 wavelets respec-

tively. Among all the wavelets, the highest sensitivity of 94.21% was obtained

in sub-band D3 using Rbio3.1 wavelet. The highest sensitivity of 100 % was
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FIGURE 4.11: Classification result using segment-based classification approach for
UBonn database. (a) Classification problem {A}-{E}. (b) Classification problem
{ACD}-{E}. (c) Classification problem {ABCD}-{E}. (d) Classification problem

{AB}-{CD}-{E}. The results are grouped wavelet wise for each sub-band.

seen in many sub-bands and wavelets. Notably, the classification results ob-

tained using sub-bands D5 and A5 were less as compared to other sub-bands.

UBonn and CHB-MIT databases exhibited higher sigmoid entropy for nor-

mal EEG similar to the RMCH database. Hence, it shows that sigmoid entropy

performs fairly better on different databases exhibiting good generalization for

seizure detection.

4.3.7 Analysis of Cohen’s Kappa Coefficient

Table 4.3 shows the Kappa coefficient obtained from all the three databases.

The highest Kappa of 1 (very good agreement) was obtained for Bio3.1 wavelet

in sub-band D4 using the RMCH database. It was observed that the Kappa co-

efficients obtained for the RMCH belonged to the very good agreement range
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FIGURE 4.12: Classification results using CHB-MIT database. The results are
grouped wavelet wise for each sub-band.

of (0.8 to 1). Further, the Kappa coefficient of 1 was obtained for many sub-

bands and wavelets for the UBonn database. The results obtained for class

A-E are only reported in Table 4.3. Finally, the highest Kappa coefficient of

0.940 was achieved for Rbio3.1 wavelet in sub-band D4 for the CHB-MIT

database. Notably, the least Kappa coefficients were obtained for CHB-MIT

as compared to the RMCH and UBonn databases. Overall, the Kappa coef-

ficients obtained from all the databases belong to either good or very good

agreement category.

4.4 Discussion

The primary aim of the proposed method was to enhance the SDR, FDR, and

MDD for real-time seizure detection. In that context, a novel feature referred



132

TABLE 4.3: Cohen’s Kappa Coefficient obtained for all the three databases

Database Sub-band Haar Coif4 Dmey Bior3.1 Rbio3.1

RMCH

D1 0.972 0.961 0.921 0.934 0.962
D2 0.965 0.963 0.967 0.958 0.972
D3 0.982 0.972 0.984 0.987 0.989
D4 0.982 0.981 0.984 1.00 0.980
A4 0.942 0.932 0.980 0.975 0.952

UBonn

D1 0.922 0.853 0.868 0.716 0.985
D2 0.997 0.945 0.895 0.932 1.00
D3 0.985 0.982 0.952 0.989 0.982
D4 1.00 1.00 0.923 1.00 1.00
D5 1.00 1.00 0.926 1.00 1.00
A5 1.00 1.00 0.948 1.00 1.00

CHB-MIT

D1 0.812 0.892 0.884 0.903 0.932
D2 0.843 0.894 0.891 0.890 0.923
D3 0.869 0.842 0.884 0.843 0.940
D4 0.857 0.789 0.883 0.843 0.836
D5 0.752 0.774 0.812 0.802 0.834
A5 0.742 0.762 0.746 0.762 0.846

Interpretation of Kappa values: Poor agreement (< 0.2),
Fair agreement (0.2-0.4), Moderate agreement (0.4-0.6),
Good agreement (0.6-0.8), and Very good agreement (0.8-1)

to as sigmoid entropy using DWT in both time and frequency domains was

proposed and evaluated on three EEG databases.

The seizure detection algorithm using weighted permutation entropy pro-

posed in [98] reports a lower measure for epileptic seizure EEG as compared

to normal EEG signal. Further, similar results were obtained in [19] using

minimum variance modified fuzzy entropy. In resemblance to [98] and [19],

sigmoid entropy measure also exhibited lesser entropy for epileptic EEG than
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TABLE 4.4: Performance comparison of the studies that are used entropy methods

Authors Feature extraction Classifier Database Results

[80] ApEn, Sample entropy, Phase Entropy 1 and 2 Fuzzy classifier UBonn Accuracy= 98.1%
[124] Optimized sample entropy Extreme learning machine UBonn Accuracy= 99.0%
[47] DWT based ApEn Artificial neural network UBonn Accuracy= 100%

[126] Fuzzy entropy SVM
UBonn Accuracy= 100%
CHB-MIT Sensitivity=98.27%

Accuracy= 98.31%
[36] Wavelet entropy Recurrent Elman networks UBonn Accuracy= 99.75%
[21] Wavelet packet based log energy entropy Recurrent Elman networks UBonn Accuracy= 99.7%

Proposed DWT based sigmoid entropy SVM
RMCH Sensitivity= 96.34%
UBonn Sensitivity=100%
CHB-MIT Sensitivity=94.21%

normal EEG in our study.

4.4.1 Performance comparison with other entropy methods

Table 4.4 shows the performance comparison of the studies that use entropy

methods for the classification of seizures. The studies [21, 36, 47, 80, 124]

have used a single database to test their proposed algorithm. Whereas, in the

proposed study, three different databases have been studied to test the algo-

rithm. It can be seen from Table 4.4 that the results are shown by our study

were better for the UBonn database.

In order to compare the performance of the sigmoid entropy with other

entropy methods, the three most widely used Shannon, Renyi, and Tsallis en-

tropy were tested on all the three databases. An entropy index of 2 was set for

both Renyi entropy and Tsallis entropy [80]. Different entropy was estimated

using Bior3.1 wavelet in D4, Rbio3.1 wavelet in A5, and Rbio3.1 in D3 sub-

bands for the RMCH, UBonn, and CHB-MIT databases respectively (These

were concluded as superior in Section 3).

Fig. 4.13 shows the performance comparison of four entropy methods us-

ing the RMCH, UBonn, and CHB-MIT databases. On all the three databases,
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sigmoid entropy showed the highest classification results as compared to other

entropy methods (refer to Fig. 4.13). Further, for UBonn database, sensitivity

for Shannon and Renyi entropy was the same as our method, but not for other

measures. However, the classification results of other entropy methods were

very much close to the results of sigmoid entropy.

The seizure detection algorithm must be computationally efficient for quick

detection of seizure activity. Therefore, we ran the algorithm for ten trials and

mean time (s) was calculated that includes preprocessing (TP), DWT (TDWT),

feature extraction (TFE) and classification (TCL) using SVM. The total com-

putation time (CT) required to execute a complete algorithm can be expressed

as:

CT(s) = TP + TDWT + TFE + TCL (4.23)

The complete experiment was implemented in MATLAB 2017b using 8GB

RAM, CPU 2 GHz with an Intel I3 processor. The performance results may

differ from machine to machine based on the system configuration.

Fig. 4.13 shows the computation time taken to execute the algorithm for

each entropy. The proposed sigmoid entropy displayed lesser computation

time than other existing entropy methods for the RMCH (10.02 s), UBonn

(24.52 s), and CHB-MIT (366.05 s) databases. Relative performance (RP) was

used to compare the efficiency of the sigmoid entropy against other entropy

measures [21]. It is defined as the ratio of the F measure to the computation

time (s), and it can be expressed as:

RP =
Fmeasure

CT
(4.24)
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FIGURE 4.13: Performance comparison of sigmoid entropy results with other en-
tropy methods. First row: Classification results (CR). Second row: Computation
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p < 0.05(∗), p < 0.01(∗∗), p < 0.001(∗ ∗ ∗).

The higher the RP better the performance of the algorithm. Fig. 4.13 shows

the RP obtained for four entropy methods. Sigmoid entropy exhibits slightly

better performance as compared to the other three entropy methods for all

the three databases. Hence, it confirms that sigmoid entropy is better and

computationally efficient as compare to other entropy methods.

4.4.2 Performance comparison using long term EEG

Table 4.5 shows a comparison study with other existing methods. The stud-

ies considered for the comparison are based on the criteria that the algorithms

have used long-term multichannel EEG and reported SDR, FDR, and MDD.

The proposed algorithm attained a good sensitivity of 96.34%, which is com-

parable to [88] and [122] and higher than other studies reported in Table 4.5.
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Our method shows significant improvement in MDD (1.2 s), which is bet-

ter than the results reported in [137, 146, 147, 148]. The FDR of 0.5/h was

achieved that was almost similar to other studies.

TABLE 4.5: Performance comparison of epileptic seizure detection methods

Authors Duration
of EEG (h)

Number of
subjects

Number of
channels

Number of
seizures Feature extraction Classifier SDR (%) FDR

(/h)
MDD
(s)

[146] 652 28 24 126
Wavelet transform, energy
amplitude and variance Bayes network 78 0.86 9.8

[147] 525 21 16 88
Wavelet transform, energy,
amplitude, variance, cross-
correlation, relative derivative

Bayes network 81 0.60 16.9

[99] 22,278 159 19 794
Moving window STFT,
averaged and integrated power

Adaptive
thresholding 87.3 0.22 -

[137] 76 14 15 63 Combined seizure index
Cumsum
thresholding 90.5 0.51 8.02

[148] 236 26 28 79
Regularity index,
combined seizure index

Cumsum
thresholding 91 0.33 7

[135] 509 21 18 161

Wavelet transform, relative
energy, fluctuation index,
coefficient of variation
and relative amplitude

SVM 94.46 0.58 -

[88] 844 23 18 163
Spectral energy, spatial
features, temporal features SVM 96 0.083 3

[122] 440 23 23 150
Harmonic wavelet packet
transform fractal dimension,
spatial and temporal features

RVM 96 0.1 1.34

Proposed 58 115 19 162 Sigmoid entropy SVM 96.34 0.5 1.2

4.4.3 Performance comparison using UBonn database

We have evaluated the generalization of our algorithm on UBonn database.

Table 4.6 shows the performance comparison of the studies conducted using

UBonn database. The studies considered for the comparison that have reported

the performance measures, namely sensitivity, specificity, accuracy, PPV, and

NPV. Few studies have attained lesser performance measures despite employ-

ing DWT with more number of features. Noticeably, the proposed method

showed better results on all measures using DWT.

Fig. 4.14 shows the performance comparison using radar chart for the

studies conducted using UBonn database that was reported in Table 4.6. In the
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radar chart, the best method spans a larger Pentagon. Our seizure detection

method exhibited the largest area (red pentagon in Fig. 4.14) as compared to

other studies.
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FIGURE 4.14: The performance comparison using radar chart for the UBonn
database. The outermost dotted black line indicates the 100% performance. The

Pentagon represents the performance of each method in a different color.

4.4.4 Significant findings of the study

The significant findings of the study are listed below:

1. This study introduced DWT based sigmoid entropy in time and fre-

quency domains that were derived from the sigmoid function for the

detection of epileptic seizures.
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TABLE 4.6: Performance comparison of the studies conducted using UBonn
database

Authors Method Sensitivity (%) Specificity (%) Accuracy (%) PPV (%) NPV (%)
[128] DWT + Statistical features and RVM 40 80 60 67.19 57.28
[131] DWT + Signal energy 54 84 69 75.28 65.95
[9] Wavelet packet decomposition + 39 74 56.5 62.97 54.38

Eigenvalues and Gaussian mixture model
[132] Wavelets + 21 features and SVM 74 76 75 76.71 74.91
[129] Wavelet + Statistical features and 35 91 63 79.67 58.6

Combined neural network
[42] DWT + 9 features and SVM 92.24 83.76 88 85.03 91.52
Proposed DWT +Sigmoid entropy and SVM 100 100 100 100 100

2. The proposed algorithm was tested on three databases, namely RMCH,

UBonn, and CHB-MIT for its generalization and robustness.

3. Five commonly used wavelets, namely Haar, Coif4, Dmey, Bior3.1, and

RBio3.1, were examined and compared with different decomposition

levels. Among five different wavelets, Bio3.1 in D4 sub-band, Rbio3.1,

and Haar in A5 sub-band, Rbio3.1 in D3 sub-band was found to be

the best choice for RMCH, UBonn, and CHB-MIT databases respec-

tively. Further, Dmey wavelet showed the least performance for UBonn

database.

4. The classification results obtained in D5 and A5 sub-bands using CHB-

MIT database was less as compared to other sub-bands.

5. The results reveal that the transition from normal to epileptic activity in

the brain can be better described using sigmoid entropy.

6. Sigmoid entropy measure for epileptic EEG was found to be lower than

normal EEG, which is similar to the methods proposed in [19, 98].
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7. It has been proven that non-extensive Tsallis entropy is better than Shan-

non entropy only when proper entropy index q was chosen. However,

no such selection is required for the estimation of sigmoid entropy.

4.4.5 Limitations and future directions

During the simulation, it was observed that the bin ranges should be set prop-

erly during the probability estimation of the signal. Improper selection of such

parameter leads to not a number or infinity in a MATLAB platform. As a fu-

ture direction, the proposed algorithm will be tested on more number of EEG

recordings. Further, sigmoid entropy will be explored on EEG signals obtained

for different conditions such as detection of the level of alcohol, drowsiness

detection, and anesthesia depth level detection. In addition, a deep learning

based approach will be introduced to all the three databases.

4.5 Conclusion

In this paper, a novel feature referred to as sigmoid entropy was proposed for

the detection of epileptic seizures in the EEG signals. Sigmoid entropy was

estimated by decomposing the EEG signal using DWT. Experimental results

showed that sigmoid entropy was capable of capturing the transitions in the

EEG that reflected the abnormal activity in the brain. The results showed that

the sigmoid entropy value was lower for epileptic activity as compared to nor-

mal EEG. The best wavelet and decomposition level (sub-band) was identified

using five wavelets. Among five different wavelets, Bio3.1 (sub-band D4),

Rbio3.1 and Haar (sub-band A5), and Rbio3.1 (sub-band) D3 was found to be

the best choice for the RMCH, UBonn, and CHB-MIT databases respectively.
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The classification results showed an SDR of 96.34%, MDD of 1.2 s and FDR

of 0.5/h for the RMCH database. Further, the highest sensitivity of 100% and

94.21% were obtained using UBonn and CHB-MIT databases respectively.

Our experimental results conclude that sigmoid entropy can be used to ana-

lyze the brain dynamics to understand the epileptic seizures behavior with less

computational complexity.
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Abstract

In this paper, complexity analysis and dynamic characteristics of electroen-

cephalogram (EEG) signal based on maximal overlap discrete wavelet trans-

form (MODWT) has been exploited for the identification of seizure onset.

Due to the fact that wavelet-based studies were well suited for classification of

normal and epileptic seizure EEG, we have applied MODWT which is an im-

proved version of discrete wavelet transform (DWT). The selection of optimal

wavelet sub-band and features play a crucial role to understand the brain dy-

namics in epilepsy patients. Therefore, we have investigated MODWT using

four different wavelets, namely Haar, Coif4, Dmey, and Sym4 sub-bands un-

til 7 levels. Further, we have explored the potentials of six entropies, namely

sigmoid, Shannon, wavelet, Renyi, Tsallis, and Stein’s unbiased risk estima-

tor (SURE) entropies in each sub-band. The sigmoid entropy extracted from

Haar wavelet in sub-band D4 showed the highest accuracy of 98.44% using

support vector machine classifier for the EEG collected from Ramaiah Med-

ical College and Hospitals (RMCH). Further, the highest accuracy of 100%

and 94.51% was achieved for the University of Bonn (UBonn) and CHB-MIT

databases respectively. The findings of the study showed that Haar and Dmey

wavelets found to be computationally economical and expensive respectively.

Besides, in terms of dynamic characteristics, MODWT results revealed that

highest energy present in sub-bands D2, D3, and D4 and entropies in those

respective sub-bands outperformed other entropies in terms of classification

results for RMCH database. Similarly, using all the entropies, sub-bands D5

and D6 outperformed other sub-bands for UBonn and CHB-MIT databases
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respectively. In conclusion, the comparison results of MODWT outperformed

DWT.

5.1 Introduction

Epilepsy is the neurological disorder that causes an uncontrolled and invol-

untary movement characterized unprovoked seizures [14]. A seizure occurs

when a burst of electrical impulses in the brain escapes their normal limits

[149]. Epilepsy is the fourth most common neurological disease and 2.2 mil-

lion people or 7.1 for every 1,000 people of the world suffering [1, 149]. De-

pending on where the seizure starts, they are portrayed as being focal onset,

generalized onset or unknown onset. Electroencephalogram (EEG) contains

abundant information on neural, physiological and pathological conditions of

brain disorders. It is essential to identify the distinctive parameter that is capa-

ble of revealing the dynamic characteristics of the brain in epilepsy patients.

However, manual inspection of immense EEG data recorded over a long time

found to be a time-consuming and tiresome task by experts in hospitals. Fur-

ther, the manual inspection between different experts may produce odd re-

sults which tend to wrong classification. Therefore, it is essential to develop

the automated model which is the optimal selection of features and classi-

fier. To address the above-mentioned limitations, we propose the automated

seizure onset detection model using maximal overlap discrete wavelet trans-

form (MODWT) based entropies and support vector machine (SVM) classi-

fier. Hence, timely detection and diagnosis of epilepsy patients gain prioritized

clinical attention around the world.
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In recent years, extensive research on epileptic seizures has been done us-

ing discrete wavelet transform (DWT). Wavelet-based methods found to be

outperformed in terms of time-frequency resolution, denoising, different tem-

poral scales and robustness to outliers [150]. DWT with the statistical features

[42, 128, 129], signal energy [131], Eigenvalues [9], and 21 different features

[132] have reported promising results. Normal, pre-ictal and ictal EEGs were

studied using wavelet packet transform with log and norm entropies [21]. In

[47], complexity analysis of EEG was explored in different sub-bands of DWT

using approximate entropy. DWT and SVM based algorithm showed better re-

sults for long-term EEGs [135]. In our recent study [19], 100% accuracy was

reported using minimum variance modified fuzzy entropy on 38 patients. Fur-

ther, approximate entropy, Phase entropy 1 and 2, and sample entropy [80],

weighted permutation entropy [98], Renyi, spectral and Shannon entropies

[36, 66, 81] and wavelet entropy [110] have been explored for epileptic seizure

studies. Acharya et al. have reviewed the application of different entropies for

seizure detection and reported advantages and shortcomings [18].

Spike-wave-discharge onset was identified using MODWT coefficients for

absence seizure detection [151]. In [152], MODWT and log-normal distribu-

tion based model was evaluated using random forest classifier. In this study,

the authors did not analyze the energy distribution and different wavelets were

not varied. Epileptic seizure prediction was performed using MODWT and

nonlinear similarity index [153]. This study showed the best performance in

the beta (10-30Hz) frequency band. An extensive analysis between MODWT

and DWT for functional brain network construction demonstrated the opti-

mal ways of choosing the wavelet method, filters, and decomposition level
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[150]. The results suggested that MODWT outperformed DWT and produces

fewer variable estimates than DWT. MODWT correlation coefficients measure

exhibited good spatial correspondence between intracranial and scalp EEG

[154]. MODWT sub-bands have yielded an accuracy of 99.26% using feed-

forward artificial neural networks [155].

The literature survey suggests that most of the studies [21, 27, 66, 80, 152]

have conducted on one of the oldest publicly available University of Bonn

EEG database [33]. Very few studied have investigated MODWT on EEG sig-

nals and entropy index of Renyi, Tsallis and SURE entropy have varied. In

addition, the dynamic characteristics of EEG have not been studied for dif-

ferent sub-bands and entropies for epileptic EEG. MODWT is the modified

version of DWT without down-sampling in each decomposition level and it is

a highly redundant, and nonorthogonal transform [156, 157]. Elimination of

down-sampling in MODWT avoid the loss of information and enhances the

time-frequency resolution on each scale. Therefore, in our study, MODWT

was selected for EEG decomposition with Haar, Coif4, Dmey, and Sym4

wavelets. The measure of entropy used to quantify the uncertainty of the signal

either in the time or frequency domain. In order to reveal the dynamic char-

acteristics and complexity analysis of EEG signal sigmoid, Shannon, Wavelet,

Renyi, Tsallis, and Stein’s unbiased risk estimator (SURE) entropies were im-

plemented in our study. Hence, the goal of the study is to identify the compu-

tationally efficient optimal combination of MODWT sub-band with entropies

using the SVM classifier for the detection of seizure onset.

Fig. 5.1 depicts the flow of the proposed epileptic seizure detection al-

gorithm. The proposed method has been divided into five stages. Stage 1:
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FIGURE 5.1: Block diagram of the proposed algorithm.

Recordings of EEG at the hospital. Stage 2: The raw EEG signals were pre-

processed to eliminate line noise and artifacts. Stage 3: The EEG signals

were decomposed using MODWT with four different wavelets. Stage 4: Six

entropies were extracted from each sub-band. Stage 5: Finally, the entropies

were classified using SVM classifier.

The rest of the paper has been organized as follows. In Section 2, a brief

introduction of EEG data, pre-processing, MODWT and feature extraction

methods were described. The experimental results are presented in Section

3 followed by a discussion in Section 4. Finally, Section 5 concludes the im-

portance of the proposed study.
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5.2 Materials and Methods

5.2.1 EEG recordings

The proposed algorithm was validated on three databases, namely Ramaiah

Memorial College and Hospitals (RMCH), University of Bonn (UBonn), and

Children’s Hospital Boston- Massachusetts Institute of Technology, (CHB-

MIT) EEG recordings.

5.2.1.1 Ramaiah Memorial College and Hospitals

The EEG recordings used in our study were obtained from the RMCH, Ben-

galuru, India after ethical clearance was obtained to use the EEG for research

purpose [19]. This unipolar EEG was recorded using 19 scalp electrodes (Fp1,

Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, and O2)

placed according to the International 10-20 system configuration at a sam-

pling rate of 128 Hz using Galileo Suite NB Neuro digital EEG system. The

complete database comprises of 115 subjects (67 male and 48 female) ranging

between 2.5 to 75 years of age with average age of 40 ± 20.3 years. Two

experts at RMCH visually marked EEG as normal and epileptic segments. In

total, 162 seizures were found from approximately 58 hours of EEG which

was collected from 115 subjects. In total, RMCH database consists of approx-

imately 4.36 hours of epileptic seizures data and approximately 53 hours of

normal EEG. The length of the recording duration of each patient varied from

20 minutes to 3 hours.
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5.2.1.2 University of Bonn

The second database used in our research was collected from publicly avail-

able EEG recordings from the UBonn 1 [33]. These recordings were recorded

from five different subjects under-going presurgical evaluations. UBonn record-

ings were converted from multi-channel to single channel EEG by original

researcher [33]. UBonn EEG was divided into five sets (A-E), each set con-

sisting of 100 single channel EEG segments of 23.6 s duration recorded at a

sampling rate of 173.61 Hz. Each subset corresponds to normal with the eye

open (set A), normal with eye closed (set B), pre-ictal (set C), post-ictal (set

D) and ictal state (set E). In our present study, four classification problems,

namely {A}-{E}, {ACD}-{E}, {ABCD}-{E}, and {AB}-{CD}-{E} between

epileptic and non-epileptic groups were considered based on the previous stud-

ies [9, 47, 89, 137].

5.2.1.3 CHB-MIT

The last and third EEG database was collected from CHB-MIT [88] open-

source available in Physionet repository 2. This is one of the largest databases

consists of 844 hours of EEG recordings with 182 seizures from the 23 pa-

tients. This EEG was recorded using the 10-20 International system bipolar

montage electrode placement with 23 channels at a sampling rate of 256 Hz.

One can refer to the [88, 100] for more details on the EEG database and patient

information.
1http://epileptologie-bonn.de/cms/front_content.php?idcat=193&lang=3&changelang=3
2http://www.physionet.org/pn6/chbmit
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5.2.2 Preprocessing

The patients EEG collected from RMCH database was preprocessed using

suitable signal processing techniques. A 50 Hz notch filter was implemented

to eliminate power line interference. Further, EEG was filtered using a band-

pass filter between 0.5 Hz to 40 Hz. In order to eliminate the artifacts (eye

blink, muscle artifacts, and electrode displacement) from EEG independent

component analysis was applied [138].

5.2.3 Maximal overlap discrete wavelet transform

The MODWT is an improved version of DWT [156, 157]. The MODWT

is a linear filtering method that decomposes the signal into coefficients over

a set of scales. The MODWT differs from DWT in terms of flexible time-

frequency representation, highly redundant, non-orthogonal, and eliminates

down sampling at each level of decomposition [152]. Further, MODWT is

well-defined for all sample sizes N, whereas DWT requires N to be a multiple

of 2J for J levels.

The input data are samples of a function f (x) evaluated at N many time

points. The function can be expressed as a linear combination of the scaling

function φ(x) and wavelet ψ(x) at varying scales and translations [156, 157]:

f (x) =
N−1

∑
k=0

Ck 2−
J0/2 φ(2−J0 x− k) +

J0

∑
j=1

f j(x) (5.1)

where f j(x) =
N−1
∑

k=0
dj,k 2−

j/2 µ(2−jx − k) and J0 is the number of levels of

wavelet decomposition. The first sum is the coarse scale approximation of
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the signal, and the second sum with f j(x) are the details at successive scales.

MODWT returns the N-many coefficients {ck} and the (J0 x N)-many detail

coefficients {dj,k} of the expansion. Number of decomposition level is given

by J0 + 1. In MODWT, detail coefficients are produced at each level and

scaling coefficients are returned only for the final level.

The MODWT partitions the energy across the various scales and scaling

coefficients are as follows [156, 157]:

||X||2 =
J0

∑
j=1
||Wj||2 + ||VJ0 ||

2 (5.2)

where X is the input data, Wj are the detail coefficients at scale j, and VJ0are

the final-level scaling coefficients.

The selection of wavelet function and decomposition level plays a sig-

nificant role in analyzing EEG signals using MODWT that depends on the

dominant frequency distribution in each sub-band. In [130, 152], EEG was

decomposed till level 6 using Haar wavelet, but other wavelets were not inves-

tigated. Therefore, in this study, four different mother wavelets, namely Haar,

Coif4, Dmey, and Sym3 have been used to decompose EEG till level 7 (RMCH

and UBonn) and level 10 (CHB-MIT) to identify the optimal combination for

seizure onset detection.

5.2.4 Feature extraction

The entropy of EEG reflects the amount of uncertainty or randomness the sig-

nal [80]. The measure of entropy used to quantify the uncertainty of the signal
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either in the time or frequency domain. In order to reveal the dynamic charac-

teristics and complexity analysis of the EEG signal, the following six entropies

were investigated in our study. Most studies have reported the results using a

single entropy index for Renyi, Tsallis, and SURE entropies. Whereas, in our

study, these entropies were varied with different entropy index. The segmen-

tation length of 1 sec was used to extract the features.

5.2.4.1 Sigmoid entropy

In our recent study, sigmoid entropy has been proposed for the identification

of seizure onset [83]. As we know that, a sigmoid function is a particular

case of the logistic function having “S” shaped curve. EEG contains non-

linear elements that are the indication of the neuronal activity of epileptiform

discharges. The sigmoid function is non-linear activation function the output

always bounded to be in range (0,1). Due to the fact that EEG is a non-linear

signal, we are introducing sigmoid entropy by bringing the concept of proba-

bilities to the sigmoid function.

As we know that sigmoid function is defined as [141]

σ(t) =
1

1 + e−t (5.3)

In our study, assuming that n is the number of possible states that the am-

plitude of the EEG are quantized into and pi the probability of each state is

p = {pi}, 0 ≤ pi ≤ 1 and
n
∑

i=1
pi = 1. The probability of occurrence of EEG

signal is calculated using histogram method by specifying bin ranges (0.05

microvolts based on the preliminary study).
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Now by replacing t with p in (5.3), where p = {p1, p2, p3, .., pn}, (5.3)

becomes

σ(p) =
1

1 + e−p (5.4)

Expanding (5.4) becomes

σ(p) =
1

1 + e−p1 + e−p2 + e−p3 + ... + e−pn
(5.5)

The amount of sigmoid entropy (HSigmoidEn) captured by (5.5) can be written

as [83]

HSigmoidEn =
1

1 +
n
∑

i=1
e−pi

(5.6)

The dynamic range of the sigmoid entropy lies between 0 and 1. Ac-

cording to the characteristics of the sigmoid function, maximum entropy of

‘1’would infer the less variation of the signal [83]. In contrast, more variation

or fluctuation of the signal may indicated by low entropy.

5.2.4.2 Shannon entropy

Shannon entropy is most widely used probability based entropy for EEG sig-

nals [142] and it is given by

HShanEn = −∑ pi log2(pi) (5.7)

Where pi is the probabilities of occurrence of possible states in decomposed

EEG signal s.
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5.2.4.3 Wavelet entropy

Wavelet entropy is a non-normalized Shannon entropy estimated from wavelet

co-efficients and it is given by [142, 158],

HWaveEn = −∑ si
2 log10(si

2) (5.8)

5.2.4.4 Renyi entropy

Renyi entropy is a generalization of Shannon entropy, which quantifies diver-

sity, uncertainty or randomness of a system. It includes other entropy measures

as special cases.

Renyi entropy of order α is defined as [159],

HRenyiEn =
1

1− α
log2

(
n

∑
i=1

pi
α

)
(5.9)

Where pi is the probabilities of decomposed EEG signal s, α is the order

or entropy index (α ≥ 0), in our study α = 2, 3, and 5 was chosen.

5.2.4.5 Tsallis entropy

Tsallis entropy is a non-extensive generalization of Boltzmann–Gibbs entropy

[143]. For a set of probabilities {pi}, Tsallis entropy is defined as

HTsallisEn =
1

1− α

(
1−

n

∑
i=1

pi
α

)
(5.10)

where α is the entropy index which is positive parameter. In our study α was

chosen to be 1.5, 3 and 5.
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5.2.4.6 Sure entropy

SURE entropy is measuring tool for quantifying properties related to informa-

tion for an accurate representation of a signal and it defined as [160]

HSureEn = n− #{i such that |si| ≤ ε}+ ∑
i

min (s2
i , ε2) (5.11)

where, si is the decomposed EEG signal and ε is a positive threshold value or

entropy index. In our study, ε was varied as 1, 3, and 5.

5.2.5 Classification

The classification of epileptic seizures was performed using the SVM classifier

due to its better performance in previous studies [25, 42, 47, 65, 89, 128,

135]. SVM uses kernel method to transform the feature set that draws an

optimal boundary between the possible outputs [23]. The preliminary study

reveals the better performance using radial basis function kernel as compared

to other kernel functions and the same was implemented for further analysis.

SVM classifier was implemented using leave-one-out-subject cross-validation

to achieve the robustness of the method. Further tuning parameters were set

as follows: Kernel function = radial basis function, Kernel Scale = auto, Box

Constraint = 1, and Standardize = true. The performance of the proposed

seizure detection technique was evaluated using sensitivity, specificity, and

accuracy.

Sensitivity =
TP

TP + FN
(5.12)
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Speci f icity =
TN

TN + FP
(5.13)

Accuracy =
TP + TN

TP + FP + TN + FN
(5.14)

where, TP is true positive, FN false negative, TN is true negative and FP

is false positive.

5.3 Results

In this section, we have investigated the effect of different wavelet methods

and decomposition length on (i) energy content in each sub-band of EEG

(ii) variation of entropy in each sub-band distinguishing between normal and

epileptic EEG (iii) classification results. Fig. 5.2 shows the example of epilep-

tic EEG collected from RMCH database with seizure onset and offset. As dis-

cussed in the previous section, we have applied 7 level MODWT on EEG sig-

nals configured using Haar, Coif4, Dmey, and Sym4 wavelets. Basically, these

results help to understand the EEG brain dynamics in terms of energy distribu-

tion, the behavior of entropy and classification results in each sub-band. The

EEG signal and its coefficients corresponding to each sub-band using Haar

wavelet depicted in Fig. 5.3. It is clear that the length of the decomposed sig-

nal in each level is the same as the original EEG. Further, energy and entropies

are estimated in each sub-band.
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FIGURE 5.2: An example of epileptic seizure EEG from RMCH database. The red
marker indicates the beginning of the seizure onset and green marker its end.
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FIGURE 5.3: An illustrative example of decomposed EEG using MODWT.

5.3.1 Effect of decomposition level on energy

Fig. 5.4 demonstrates the distribution of energy in each sub-band decomposed

using MODWT configured with Haar, Coif4, Dmey, and Sym4 wavelets. We
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FIGURE 5.4: Boxplot describing distribution of energy in MODWT EEG over
different scales.

have investigated the energy distribution in every sub-band for annotated nor-

mal and epileptic EEG using different mother wavelet functions. We observe

p < 0.01 in all the sub-bands except for sub-band A7 in level 7. We found

that energy content in the levels 2 (sub-band D2), 3 (sub-band D3), and 4

(sub-band D4) was significantly high as compared to the other levels for all

the wavelets. In all the wavelets, least energy was found to be in sub-band A7.

In addition, the range of distribution was very less in sub-bands D2, D3, and

D4. It shows that the level of decomposition has an effect on the amount of

information revealed contained in EEG signals.
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5.3.2 Effect of MODWT decomposition length entropies

In this section, we have demonstrated the behavior of entropies when decom-

posed using MODWT. Fig. 5.5 shows the effect of MODWT decomposition

length on entropies for different decomposition levels and wavelets. In Fig.

5.5(a), sigmoid entropy exhibited lower for epileptic and higher for normal

EEG. We observe that sigmoid entropy increases as the function of decompo-

sition length and lies between 0 to 1. In contrast to sigmoid entropy, Shannon

entropy and wavelet entropies behaved quite different. That means, higher and

lower entropies were obtained for epileptic and normal EEG respectively.

Fig. 5.5(b) depicts the entropies obtained for Renyi entropy (α = 2, 3,

and 5). Renyi entropy was found to be increasing as entropy index α goes

higher. Similar observation was seen for SURE entropies for ε = 1, 3, and 5

(refer to Fig. 5.5(d)). Tsallis entropy was seen to be decreasing as the entropy

index α = 1.5, 3, and 5 increases (refer to Fig. 5.5(c)). It was understood that

the behavior of Tsallis entropy is opposite to Renyi and SURE entropies with

respect to entropy indexes. In all the entropies, more transition of entropies

from sub-band D4 to D5 was observed for Coif4 and Dmey wavelets (refer

second and third column of Fig. 5.5). Collectively, entropies were higher in

sub-bands D2, D3, and D4 for all the entropies except for sigmoid. It was clear

that entropies start decreases as decomposition length goes down (reverse in

case of sigmoid). Smooth transition in entropies over decomposition length

between sub-bands was observed in case of Haar and Sym4 wavelets. The

higher time complexity in case of Dmey wavelet was observed as compared to

the other three wavelets. Wilcoxon rank sum test showed p < 0.01 between

normal and epileptic EEG entropies for all the wavelets and sub-bands except
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for sub-band A7.

5.3.3 Classification results using RMCH database

Fig. 5.6 shows the classification accuracy using MODWT with different en-

tropies (sigmoid, Shannon, and wavelet) for different decomposition levels

and mother wavelets. Sigmoid entropy with Haar wavelet in sub-band D4

showed the highest classification accuracy of 98.44%. In addition, Haar wavelet

in sub-band D3 (98.20%) and Sym4 wavelet in sub-band (97.96%) showed the

best performance. The results obtained in other sub-bands were close to the

best performance.

In the case of Shannon entropy, the highest classification accuracy of 98.02%,

97.44%, 97.08%, and 97.74% obtained in sub-band D4 using Haar, Coif4,

Dmey and Sym4 wavelets respectively. Wavelet entropy showed the highest

accuracy of 96.80% in sub-band D4 using Haar wavelet. In the case of wavelet

entropy, poor performance was observed in Coif4 and Dmey wavelets. The

least classification accuracy was observed in sub-band A7 for sigmoid and

Shannon entropy. However, wavelet entropy showed the least performance in

sub-band D1.

Fig. 5.7 depicts the classification accuracy obtained for Renyi entropy

using different entropy indexes. Again, Haar and Sym4 wavelets performed

better in sub-bands D3 and D4. We observe that accuracy slightly decreases as

the entropy index increases. The best results of 97.73% were obtained in D4

sub-band using Haar wavelet for Renyi entropy with α = 2. Similar classifica-

tion results observed for Tsallis entropy (refer to Fig. 5.8) using α = 1.5 and 3.

However, Tsallis entropy with α = 5 performed worse in D1, D2, D3, and D4
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FIGURE 5.5: Effect of MODWT decomposition length on entropies. (a) First row:
Sigmoid entropy, Second row: Shannon entropy, Third row: Wavelet entropy. (b)
First row: Renyi entropy (α = 2), Second row: Renyi entropy (α = 3), Third
row: Renyi entropy (α = 5). (c) First row: Tsallis entropy (α = 1.5), Second
row: Tsallis entropy (α = 3), Third row: Tsallis entropy (α = 5). (d) First row:
Sure entropy (ε = 1), Second row: Sure entropy (ε = 3), Third row: Sure entropy
(ε = 5). In all the sub figures, First column: Entropies of Haar wavelet. Second
column: Entropies of Coif4 wavelet. Third column: Entropies of Dmey wavelet.

Fourth column: Entropies of Sym4 wavelet.
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FIGURE 5.6: Classification results shown by MODWT based entropies for differ-
ent decomposition levels and wavelets. Left column: Sigmoid entropy, Middle
column: Shannon entropy, Right column: Wavelet entropy. Legend indicates the

decomposition levels of MODWT.

sub-bands and highest of 97.31% obtained in D7 sub-band using Haar wavelet.

SURE entropy with ε = 1, 3, and 5 produced accuracy of 97.87%, 97.99%,

97.75% in sub-band D4 using Haar wavelet respectively. Not much differ-

ence in the results was observed for higher ε in all the wavelets. Across these

results, SURE entropy with ε = 5 was better in terms of results when com-

pared with higher entropy index among other entropies. Collectively, results

in sub-band D4 were excellent among all the entropies and wavelets. Quan-

titatively, lower decomposition levels appear to provide better classification

results which are acceptable for clinical use. In terms of revealing dynamic

characteristics, complexity and classification results, MODWT configured us-

ing Haar wavelet-based sigmoid entropy outperformed other entropies.
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FIGURE 5.7: Classification results shown by MODWT based Renyi entropy for
different decomposition levels and wavelets. Left column: Renyi entropy (α = 2),
Middle column: Renyi entropy (α = 3), Right column: Renyi entropy (α = 5).

Legend indicates the decomposition levels of MODWT.

5.3.4 Classification results using UBonn database

UBonn EEG data was classified using 10-Fold cross-validation for classifi-

cation problems, namely {A}-{E}, {ACD}-{E}, {ABCD}-{E}, and {AB}-

{CD}-{E}. The experiment was conducted using all four wavelets and vari-

ants of entropies as similar to RMCH. Only the best results (Haar wavelet)

using all the four wavelets are presented in Fig. 5.10. Both Sigmoid and Shan-

non entropies showed the highest specificity, sensitivity and accuracy of 100%

using Haar wavelet in sub-band D5 for classification problem {A}-{E} (re-

fer to Fig. 5.10a). Further, Renyi entropy with α = 2, Tsallis entropy with

α = 1.5 and SURE entropy with ε = 5 showed best results among different

entropy index values. The sensitivity obtained by wavelet and SURE entropies
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FIGURE 5.8: Classification results shown by MODWT based Tsallis entropy for
different decomposition levels and wavelets. Left column: Tsallis entropy (α =
1.5), Middle column: Tsallis entropy (α = 3), Right column: Tsallis entropy(α =

5). Legend indicates the decomposition levels of MODWT.

was higher in sub-band A7 as compared to the other sub-bands. However, poor

specificity was shown by same entropies in sub-band A7.

For the classification problem {ACD}-E, the good results were achieved

using sub-bands D1 to D5, and highest accuracy of 96.43% in sub-band D2

(refer to Fig. 5.10b). The highest accuracy of 94.06% was shown by sub-band

D5 using sigmoid entropy for classification problem {ABCD}-{E} (refer to

Fig. 5.10c). Tsallis entropy with α = 3 and 5 showed poor performance in

all the sub-bands except for D4 and D5. Similarly, for three class classifica-

tion problem {AB}-{CD}-{E}, all the entropies showed accuracy of around

91.00% in sub-bands D1 and D2 (refer to Fig. 5.10d). We observe accuracy

was decreasing as the decomposition level of MODWT goes deeper. Notably,
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FIGURE 5.9: Classification results shown by MODWT based Sure entropy for
different decomposition levels and wavelets. Left column: Sure entropy (ε = 1),
Middle column: Sure entropy (ε = 3), Right column: Sure entropy (ε = 5).

Legend indicates the decomposition levels of MODWT.

good sensitivity was seen in sigmoid entropy using sub-band A7 but not in

other entropies. In contrast, good specificity was observed in all the entropies

in sub-band A7 except for sigmoid entropy. Overall, sigmoid and Shannon

entropies outperformed other entropies in terms classification results using the

wavelets and sub-bands.

5.3.5 Classification results using CHB-MIT database

Fig. 5.11 depicts the classification results obtained for CHB-MIT database us-

ing Haar wavelet (found to be best) using all the six entropies. Due to the

higher sampling rate of 256 Hz, CHB-MIT database was decomposed un-

til level 10. Interestingly, all the entropies using Haar wavelet in sub-band
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D6 performed better leading highest sensitivity specificity and accuracy of

96.62%, 96.67%, and 94.51% respectively. Again, as similar to RMCH and

UBonn databases, the least results obtained in sub-band A10 (i.e last level)
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FIGURE 5.10: Classification results shown by MODWT based entropies with
Haar wavelet for UBonn database. Legend indicates the decomposition levels of
MODWT. Classification problem (a) {A}-{E}, (b) {ACD}-{E}, (C) {ABCD}-

{E}, and (d) {AB}-{CD}-{E}
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FIGURE 5.11: Classification results shown by MODWT based entropies for CHB-
MIT database. Legend indicates the decomposition levels of MODWT.

using all the entropies. Further, results obtained in sub-bands D5 and D7 were

close to D6. The above results conclude that the proposed method performs

better on different EEG databases.

5.4 Discussion

In this paper, we have investigated the complexity analysis and dynamic char-

acteristics of EEG signals using MODWT and six entropies for identification

of seizure onset. To carry out this objective, EEG signals were decomposed

using MODWT until level 7. Further, six entropies were estimated in each

sub-band to classify using SVM classifier.

As we have already discussed, MODWT is an improved version of DWT
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without orthogonality. MODWT does not apply the decimation and the co-

efficients in each level remain the same length being non-decimated DWT

[156]. MODWT offers several advantages over the DWT which are discussed

here. The redundancy property of the MODWT facilitates the arrangement of

the decomposed coefficients at each level with the original time series, thus

enables comparison between the original series and its decomposition [156,

157]. The coefficients of MODWT multiresolution analysis are associated

with zero phase filters which result in a more asymptotically efficient wavelet

variance estimator than the DWT [156]. Further, it is transform invariant, since

a shift in the signal does not change the pattern of the wavelet transform coef-

ficients. Finally, MODWT is energy conserving, it is well suited for analyzing

the scale dependence of variability [156, 157]. With the influence of the above

facts, MODWT outperformed DWT in terms of classification results.

5.4.1 Performance comparison with DWT

We have compared the results of MODWT versus DWT using same wavelets

and features to highlight the advantages of MODWT. The performance of the

MODWT results was compared using the RMCH database. The EEG sig-

nals were decomposed into 5 levels and results from the best sub-bands were

reported in Fig. 5.12. The classification results showed that MODWT outper-

formed DWT. The Wilcoxon rank sum test delivered the statistical difference

of p < 0.01 between the accuracy of MODWT and DWT for sigmoid and

wavelet entropy. In addition, p < 0.05 shown for other entropies, thus it

indicates MODWT based features greatly improve the classification results.



171

*
*

**

*

**

*

Sigmoid Shannon Wavelet Renyi Tsallis Sure
94

95

96

97

98

99

100

A
c
c
u

ra
c

y
 (

%
)

MODWT

DWT

FIGURE 5.12: Performance comparison between entropies derived from MODWT
and DWT. p < 0.05(∗), p < 0.01(∗∗), p < 0.001(∗ ∗ ∗).

Above analysis is evident that the property of MODWT over DWT has an

advantage of capturing more significant information from EEGs.

5.4.2 Performance comparison with other existing methods

Table 5.1 shows the comparison results with other existing methods. The stud-

ies considered for the comparison based on the criteria that the EEG time series

have been decomposed using either DWT or MODWT. One should notice that

the EEG recordings used in their study are different and exact comparison can-

not be performed. The studies [122, 152] that have used EEG recordings from

the UBonn yielded accuracy close to 100% due to the clean EEG provided in

the database. In [152], the highest classification accuracy of 100% was shown
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TABLE 5.1: Performance comparison of epileptic seizure detection methods

Author EEG database Duration
of EEG (h)

Number of
subjects

Number of
channels

Number of
seizures Feature extraction Classifier Results (%)

[152] UBonn 1.29 5 Not specified∗
100 seizure
files

MODWT+LND
scale parameter
and shape parameter

Random forest Accuracy= 100

[153]
Epilepsy Center of the
University Hospital of
Freiburg, Germany

509 421 18 161
MODWT+ nonlinear
similarity index Threshold Accuracy= 91.9

[135]
Epilepsy Center of the
University Hospital of
Freiburg, Germany

509 21 18 161

DWT+ relative
energy, fluctuation index,
coefficient of variation
and relative amplitude

SVM Accuracy= 94.86

[122]
CHB-MIT 884 23 23 182 Harmonic wavelet packet

transform fractal dimension,
spatial and temporal features

Relevance vector
machine

Sensitivity= 96

UBonn 1.29 5 Not specified∗
100 seizure
files Accuracy= 99.8

[146]

Epilepsy Telemetry
Unit at the Montreal
Neurological Institute
and Hospital

652 28 24 126
DWT+ energy,
amplitude and variance Bayes network Sensitivity= 78

[147]
Compumedics,
Melbourne, Australia 525 21 16 88

DWT+ energy,
amplitude, variance,
crosscorrelation, and
relative derivative

Bayes network Sensitivity= 79

[137]
Vancouver General
Hospital, Germany 76 14 15 63

DWT+ Combined seizure
index

Adaptive
thresholding Sensitivity= 90.5

[99]
Epilepsy Center
University of Erlangen,
Germany

22,278 159 19 794
Moving window STFT,
averaged and integrated
power

Adaptive
thresholding Sensitivity= 89.9

Proposed RMCH, Bengaluru,
India 58 115 19 162 MODWT+

Sigmoid entropy SVM Accuracy= 98.44

UBonn 1.29 5 Not specified∗ 100 seizure
files

MODWT+
Sigmoid entropy SVM Accuracy= 100

CHB-MIT 884 23 23 182 MODWT+
Renyi entropy SVM Accuracy=94.51

∗ The multi-channel EEG was converted into single channel segments

using Sym8 wavelet using MODWT. The study also showed MODWT out-

performed DWT in terms of classification results and computation time. Fur-

ther, the wavelet-based nonlinear similarity index showed better performance

in beta (10-30 Hz) frequency band [153]. The results reported in [122, 137,

146, 147] have shown DWT is suits well for seizure detection but MODWT

has not explored. However, the proposed study using MODWT and six en-

tropies showed excellent results. In particular, MODWT with sigmoid entropy

outperformed other entropies among all the four wavelets.

5.4.3 Performance comparison of computational time

Fig. 5.13 depicts the computational time required for pre-processing, MODWT,

feature extraction and classification procedure of the proposed technique using
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FIGURE 5.13: Computational time (s) between different entropies using MODWT
for RMCH database.

RMCH database. The results considered for comparison that was performed

better among different sub-bands in respective entropies and wavelets. Indi-

vidually, the computational time taken by sigmoid entropy in all the wavelets

was found to be slightly less. Further, wavelet entropy was slightly computa-

tionally expensive when compared with other entropies. Overall, Haar wavelet

and Dmey wavelets were computationally economically and expensive respec-

tively. The proposed method was implemented on MATLAB 2016b using

8GB RAM, CPU 2 GHz with an Intel I3 processor.

The overall performance of the proposed technique was assessed using

relative performance [21]. Relative performance is defined as the ratio of the

classification accuracy to the computation time (s) and it is given by

Relative per f ormance =
Accuracy

Computation time
(5.15)
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FIGURE 5.14: Relative performance obtained for best results among four wavelets
and entropies. p < 0.05(∗), p < 0.01(∗∗), p < 0.001(∗ ∗ ∗)

It can be speculate from the above equation that efficiency of the model indi-

cated by higher relative performance. Fig. 5.14 shows the best relative per-

formance obtained among all the wavelets and entropies. We observe that sig-

moid entropy using Haar wavelet yielded better relative performance among

all. Further, Dmey wavelet showed least relative performance when compared

to other wavelets.

5.4.4 Significant findings of the study

The salient features and contributions of proposed study are summarized as

follows:

1. The application of MODWT revealed significant information about epilep-

tic EEG in different wavelets sub-band and entropies.
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2. The proposed study was validated on three databases including our own

database (RMCH) and two open sources UBonn and CHB-MIT. To the

best of authors knowledge, no studies have used three databases to vali-

date their studies.

3. The energy content in the sub-bands D2, D3 and D4 were significantly

high as compared to the other levels for all the wavelets in case of

RMCH database.

4. Sigmoid entropy exhibited lower for epileptic and higher for normal

EEG. However, we observe contrast results for other entropies as higher

and lower for epileptic and normal EEG respectively.

5. Renyi and SURE entropies were found to be increasing as entropy index

α and ε goes higher respectively.

6. Tsallis entropy was seen to be decreasing as the entropy index increases.

7. Haar wavelet in sub-band D4 and D5 showed the highest classification

accuracy among all the wavelets and entropies for RMCH and UBonn

databases respectively.

8. In case of CHB-MIT database, Haar wavelet in sub-band D6 showed

better results as compare to other wavelets and sub-bands due to the dif-

ferent sampling frequency of EEG signal. Interestingly, all the entropies

performed better using CHB-MIT database.

9. In most of the cases, least classification accuracy was observed using

the last level of approximation coefficients A7 (for RMCH and UBonn)
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and A10 (CHB-MIT). However, wavelet entropy showed slightly better

results in the same band for all the three databases.

10. The dynamic characteristics revealed by the proposed study suggest

that entropies based features behave differently in each sub-band of

MODWT. Collectively, sub-bands D2, D3, and D4 reveal salient infor-

mation of the brain which is essential for seizure onset detection for

RMCH database.

11. Similarly, sub-bands D5 and D6 outperformed other sub-bands for UBonn

and CHB-MIT databases respectively.

12. Overall, our study suggests that entropy index values of Renyi, Tsallis,

and SURE entropies must be selected carefully.

As a future expansion, the study will be extended on larger EEG databases

using best MODWT sub-band and entropy. Further, deep learning neural net-

work will be explored along with the classification of seizure types.

5.5 Conclusion

In this paper, complexity analysis and dynamic characteristics of epileptic

EEG was studied using MODWT based entropies and classified using SVM

classifier. Experimental results suggest that sigmoid entropy outperformed

other entropies using all the wavelets. Collectively, results demonstrate that

different mother wavelets have an impact on computational time, but not much

on classification results in the same sub-band. Extensive insight into the wavelet

analysis on RMCH database showed that energy content in the sub-bands D2,
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D3 and D4 is high and highest classification accuracy shown by same. Fur-

thermore, the entropies in sub-bands D2, D3, and D4 is significantly high for

all the entropies except for sigmoid entropy. Sigmoid entropy produced the

highest classification results of 98.44% using Haar wavelet in sub-band D4

for RMCH database. Further, the highest accuracy of 100% and 94.51% was

achieved for UBonn and CHB-MIT databases respectively. We observe that

Haar and Dmey wavelets found to be computationally economical and expen-

sive respectively. The proposed study suggest that entropy index in Renyi,

Tsallis, and SURE entropies must be chosen properly.
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Abstract

Automated classification of epileptic seizures surrogates the manual interven-

tions required for analyzing long-term electroencephalographic (EEG) signals

and helps to speed up the treatment in epilepsy patients. Developing a patient

independent algorithm is a great challenge due to the differences in EEG char-

acteristics. Feature distribution among many subjects results in inter-subject

variability, which leads to poor classification performance. Therefore, in or-

der to overcome this limitation, we have proposed a novel adaptive median

feature baseline correction (AM-FBC) method to update the feature distribu-

tion. Two recently proposed features referred to as successive decomposition

index (SDI) and matrix determinant (MD) were extracted from 40 intensive

care unit patients EEG at a segmentation length of 4 s with 50% overlap.

We have investigated the influence of outliers removal and correction, AM-

FBC, and post-processing of classifier output to improve the seizure detec-

tion results. The classification was performed using a support vector machine

classifier with leave-one-subject-out cross-validation. With the application of

above-mentioned methods, the highest area under the curve (AUC) of 0.9663

(sensitivity(S+) = 0.9661, specificity(S−) = 0.8446) and 0.9812 (S+ = 0.9822,

S− = 0.8705) was achieved using SDI and MD features respectively. Fur-

ther, the AUC of 0.9593 (S+=0.9069, S− = 0.8695) was achieved when both

SDI and MD features were used with the application of the outliers correc-

tion method. The findings of the study suggest (1) Outliers correction method

does not improve results (2) AM-FBC enhances the results (3) Post-processing

method improved the classification results at least 2 to 5% and reduced false
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detections (4) Lowering the outlier removal factor showed good AUC at the

cost of loss of feature samples.

6.1 Introduction

Epilepsy is a neurological disorder that affects the brain cortical network that

in turn affects one’s daily life [149]. It is a chronic disease that causes unpro-

voked recurrent seizures and is characterized by unpredictable seizures that

leads to health problems [2, 79, 149]. It is the fourth most common neurolog-

ical disorder, which affects 65 million people of all ages around the world [1].

In certain critical situations, epilepsy patients undergo pre-surgical investiga-

tion prior to surgery that determines the localization and nature of a seizure.

Seizures are a common occurrence in traumatic brain injury patients in the

intensive care unit (ICU) [161]. Although estimates of the overall incidence

of seizures in the ICU vary, the risk of seizures is higher than in patients at

other hospital departments, perhaps with the exception of the emergency de-

partment [161]. One of the goals of therapy in the ICU is to suppress seizures

to obtain a better patient outcome [161]. Monitoring the long-term electroen-

cephalographic (EEG) signals that belong to epilepsy patients is essential for

pre-surgical evaluation, which is found to be a tedious and time-consuming

process due to the need for visual interpretation. Accordingly, a reliable pa-

tient independent real-time epileptic seizure detection model helps towards

long-term monitoring of patients with epilepsy. The high variability in time-

varying EEG characteristics between subjects leads to poor classification per-

formance [20, 162]. Therefore, we propose an adaptive median feature base-

line correction (AM-FBC) method to reduce the inter-subject variability by
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making use of median values of extracted features.

Several patient independent automatic detection of epileptic seizure al-

gorithms have been proposed in recent years. A patient-specific model us-

ing wavelet packet based combined seizure index revealed the sensitivity of

90.5%, a false detection rate of 0.51/h and median detection delay of 7 s [137].

A threshold based seizure detection method was proposed using the mini-

mum variance modified fuzzy entropy showed classification accuracy of 100%

[19]. Another threshold-based decision-making algorithm for artifact removal

showed good results using a support vector machine (SVM) [30]. Subasi et

al. [163] have compared the performance of principal component analysis,

independent component analysis (ICA) and linear discrimination analysis for

seizure detection using the SVM classifier. A patient-specific seizure detection

algorithm using wavelet decomposition and SVM classifier [88] detected 131

of 139 seizures. Another patient-specific algorithm using spectral parameters,

time domain parameters, and wavelet analysis predicted 14 of the 25 seizures

[103]. The changes in absence seizure were classified using permutation en-

tropy [123].

Acharya et al. [80] showed the highest accuracy of 98.1% using fuzzy

classifier when classified using approximation entropy (ApEn), sample en-

tropy, phase entropy 1 and phase entropy 2. Further, the application of dif-

ferent entropy methods has been reviewed to differentiate normal, interictal,

and ictal EEG signals [18]. In [39, 57, 164], normal, pre-ictal, and seizure

activities were classified using the convolution neural network. Automatic

epileptogenic zone recognition and localization on scalp EEG using long-term
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recurrent convolutional network showed the sensitivity, specificity, and accu-

racy of 84.0%, 99.0%, and 99.0% respectively [165]. Wave2Vec was proposed

to learn the deep representation of epileptic seizures temporal data [166]. Dif-

ferent transformation techniques like discrete cosine transformation, singular

value decomposition, discrete wavelet transformation (DWT) were studied for

epileptic seizure detection [167]. Improved correlation-based feature selec-

tion method with random forest classifier achieved an accuracy of 100.0%

between normal and epileptic [168]. Mahalanobis-similarity-based feature

extraction method using extreme learning machine classifier showed an ac-

curacy of 97.53% [169]. Classification of epileptic and non-epileptic EEG

events using time domain and frequency domain features achieved an accu-

racy of 95.0% using Bayesian network [87]. Different algorithms for analysis

of epilepsy [22] and wavelet-based EEG processing [130] for seizure detection

have been reviewed. Different entropy methods like log energy and norm en-

tropy [21], approximate entropy [27, 170], weighted permutation entropy [98],

Renyi, spectral, Shannon and wavelet entropy [36, 66, 81], sample and permu-

tation entropy [171], and sigmoid entropy [83] have been successfully used for

seizure detection. K-nearest neighbor entropy estimator, log energy entropy,

Shannon entropy, and Poincaré plot parameters were extracted from Empirical

mode decomposition (EMD) [172]. Intrinsic mode functions from empirical

wavelet transform has been studied to improve time–frequency representation

of non-stationary signals in [173, 174, 175]. Time–frequency localization of

scaling functions and design of three-band biorthogonal linear phase wavelet

filter banks has been studied for classification of seizure and seizure-free EEG

signals [176, 177].
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In a recent study [162], feature normalization procedure based on median

decaying memory (MDM) showed promising improvements towards seizure

detection. In this method, in order to correct the feature baseline, initial 5 s of

non-seizure EEG segment was used. The same approach was applied in [20]

using 1 minute EEG to update the baseline to evaluate seizure detection per-

formance in 17 ICU patients. Five feature normalization techniques, namely

MDM, mean memory, standard deviation memory, peak detector, and signal

range was applied to a line length feature that proved MDM was outperformed

[178]. Bogaarts et al. [179] have proposed an algorithm to improve the area

under the curve from 0.767 to 0.902 using average non-seizure feature values

(ANSFV) and an optimal threshold for feature baseline correction (FBC) and

a Kalman filter to classifier output for post-processing. This feature normal-

ization based patient independent approach showed the AUC of 0.90 and 0.93

for neonatal and adult patients respectively [84]. Further, Temko et al. [180]

proposed post-processing of the SVM classifier output using a central linear

moving average filter (MAF). Ahmed et al. [181] suggested a post-processing

approach using the MAX operator and MAF that significantly improved the

seizure detection results.

SVM classifier have been widely used for seizure detection studies [20,

25, 65, 84, 88, 163, 179, 180, 181]. In our recent study, successive decom-

position index (SDI) showed the highest sensitivity of 97.53% using the SVM

classifier [182]. Further, matrix determinant (MD) was evaluated on eleven

classification problems derived from University of Bonn database [89]. These

two features have been tested on the Ramaiah Medical College and Hospitals,

CHB-MIT, Temple University Hospital databases in our previous studies [89,
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182]. Therefore, in this paper, we have used these two novel features (SDI and

MD) to validate against new EEG recordings using the most widely used and

suitable SVM classifier for seizure detection [89, 182].

The significant contributions of our study are: (1) We have proposed a

novel approach called AM-FBC to reduce the inter-subject variability in fea-

ture distribution (2) Effect of outliers removal and correction (3) Effect of

post-processing to improve the seizure detection performance (4) Two recently

proposed novel features, namely SDI and MD were tested against new EEG

recordings.

Fig. 6.1 depicts the flow of the proposed algorithm for the epileptic seizure

detection. The raw EEG recordings were pre-processed using a notch fil-

ter and bandpass filter followed by artifacts removal. The two features (SDI

and MD) were classified using the SVM classifier with leave-one-subject-out

cross-validation followed by post-processing.

The goal of this paper is to evaluate both the SDI and MD features and

the effects of baseline correction, outlier removal and correction, and post-

processing of the SVM classifier output on classification performance. We hy-

pothesize that the application of the above-mentioned methods would improve

the performance of seizure detection using ICU EEG in epilepsy patients.
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FIGURE 6.1: The flow of the proposed seizure detection algorithm. The SVM
classifier was trained using (N− 1) subjects and tested on the left out subject. The
adaptive median coefficient estimated from the trained subject was used to correct

the feature baseline of the test subject.

6.2 Materials and methods

6.2.1 Clinical EEG recordings

The clinical data for the study were obtained from the Department of Clinical

Neurophysiology, Maastricht University Medical Centre (MUMC+), Maas-

tricht, The Netherlands for research purpose after approved by the hospital

ethics committee. The dataset consists of 40 EEG registrations (22 female and

18 male) from an ICU with the age ranges between 22 and 89 years with a

mean age of 54.47 years. The 19 unipolar electrodes Fp1, Fp2, F7, F3, Fz, F4,

F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, and O2 were placed accord-

ing to International 10-20 system electrode configuration. The scalp EEG was

recorded using BrainLab EEG recording system at a sampling rate of 250 Hz

using a common average montage. In total, 21 hours of EEG (mean duration
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0.5243 hours) consist of 1273 seizure epochs that varied per subject from 1

to 228 with a minimum and maximum seizure duration of 12 s and 1949 s

respectively. The minimum duration of seizure epoch was considered 10 s as

per the International Federation of Clinical Neurophysiology [183]. Experts

at MUMC+ Hospital annotated the seizure and non-seizure epochs. The EEG

data was not scored in accordance to type of seizures. But in many seizures,

the majority of the channels were involved, so most seizures were generalized.

Table A6.3 shows the EEG database details used for the proposed study.

6.2.2 Pre-processing

A 50 Hz IIR notch filter was applied to eliminate the power line noise at 50 Hz

and the EEG signals were bandpass filtered between 0.5 to 32 Hz. Further,

ICA was applied to filtered EEG to eliminate the artifacts like eye blinks,

muscle artifacts, and electrode movements [72]. The ICA toolbox available

in EEGlab was used to remove the artifacts [116].

6.2.3 Feature extraction

In this study, two features, namely SDI [182] and MD [89] reported recently

by our group were used for seizure detection. One can refer to [89, 182] for

more details on these novel feature extraction methods. Both features were

extracted at a segmentation length of 4 s with 50% overlap.

6.2.3.1 Successive decomposition index

Consider the EEG time series x = {x1, x2, x3, x4, ......, xn}, where n is the

total number of the EEG samples in the time series x. Since the sampling
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frequency is 250 Hz, n becomes 1000 (4s x 250 samples).

In order to define SDI coefficients, first, we define two terms X+ and X−

which are average of |x| and difference average of x respectively. The coeffi-

cient X+ is given by [182],

X+ =
1
n

n

∑
i=1
|xi| (6.1)

In the subsequent step, the second coefficient X− was calculated by the

iterative process. In the first level (x(1)), EEG samples were arranged into

n/2 non-overlapping pairs as shown below [182],

x(1) =
{

x1 − x2

2
,

x3 − x4

2
....,

xn−3 − xn−2

2
,

xn−1 − xn

2

}
(6.2)

Here, if n is not a power of 2 then zeros can be padded towards the end of the

x which does not affect on results. After decomposition, x(1) of length n/2 (n

is updated in each level) is represented as [182],

x(1) = {x(1)1 , x(1)2 , ......, x(1)n/2−1, x(1)n/2} (6.3)

It can be simplified and written as follows,

XL
i =

(
xL

2i−1 − xL
2i

)
/2 (6.4)

The coefficient remained in the last level (L = 3.33log10(n)) of decomposi-

tion was taken as X−.
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Our next aim was to define two new terms X++, and X−− using X+ and

X− as follows [182],

X++ =
X+ + X−

2
(6.5)

X−− =
X+ − X−

2
(6.6)

The square matrix A was formed using the four coefficients X+, X−, X++,

and X−− as follows [182],

A =

 X+ X−−

X− X++

 (6.7)

The basis for forming a square matrix and estimating determinant of same

for seizure detection was given in [89]. Thus, SDI was calculated using deter-

minant of the square matrix A [182].

SDI = log10

(n
L
(X+X++ − X−X−−)

)
(6.8)

The term n/L is a scalar parameter. Our previous study [182] has proven that

SDI better tracks the seizure activity in EEG along with the amplitudes of the

EEG samples.



191

6.2.3.2 Matrix determinant

Our recent study [89] has proven that the amount of information captured by

matrix determinant during epileptic activity increases its measure to acts as a

biomarker to identify those events.

The EEG time series were arranged sequentially to form a square matrix

by considering the total elements in the square matrix represent a segmentation

length. Let the EEG time series be x = {x1, x2, x3, x4, ......, xn} and apply

absolute square i.e. x = |x|2. The absolute was taken because positive and

negative EEG samples gets vanishes when their magnitude is same. Defining

the matrix with an order of N(N = r = c) and sequentially arrange x into

matrix form as follows [89],

A =



x1 x2 .. xr

xr+1 xr+2 .. xr+r

x2r+1 x2r+2 .. x2r+r

. . .. .

x(r−1)r+1 x(r−1)r+2 .. x(r−1)r+r


(6.9)

where r and c are the square matrix order.

The matrix determinant feature was estimated as follows [89],

MD = log10 |A| (6.10)

In our study, the square matrix was formed with an order of 32 to estimate the

determinant feature.
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6.2.4 Outliers removal and correction

An outlier is a data sample that is distinctly separate from the rest of the data

[25, 184]. It may be due to variability in the measurement, electrode dis-

placement, fluctuation in data and it may indicate the experimental error. As

reported in [25, 184, 185, 186], it can be noted that the outliers removal im-

proves the classification results for EEG signal classification without losing

much diagnostic information. In this study, we have applied outliers removal

using Tukey’s range test and outliers were replaced using different methods

(refer to Table 6.1). According to Tukey’s range test [185], an outlier is an

observation which is outside the range of [Q1− k ∗ IQR, Q3 + k ∗ IQR],

where k is a non-negative integer. Where, Q1 is 25th percentile, Q3 is 75th

percentile and inter quartile range (IQR) is the difference between Q3 and

Q1. In our study, k was varied as 0.5, 1, 1.5, 2 and 3 to study the effect of out-

liers removal on classification results with respect to the percentage of loss of

feature samples. For outliers correction approach, three methods for detecting

outliers, namely mean, median and quartiles were used. The detected outliers

were replaced using spline and nearest methods [187].

6.2.5 Adaptive median feature baseline correction

The high variability in time-varying EEG characteristics between patients leads

to poor classification performance [20, 162]. Therefore, AM-FBC was pro-

posed using the median values of features SDI and MD. AM-FBC was applied

individually for each feature and the procedure is give below:
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1. Consider the features of all the subjects f (sub1, sub2, ...., subn) from

training data. Here, sub1, sub2 are subjects and f is a feature ( f may be

SDI or MD).

2. Calculate the f (Medianseizure) and f (Mediannon−seizure) of all the train-

ing subjects using seizure and non-seizure feature respectively. The

length of the f (Medianseizure) and f (Mediannon−seizure) are the same

as a number of subjects.

3. Estimate global median ( f (Medianglobal)) using median values of seizure

and non-seizure.

f (Medianglobal) = Median{ f (Medianseizure) f (Mediannon−seizure)}

(6.11)

4. Now estimate the median of single subject f (Mediansub i), where i =

1, 2, 3, ..., n subjects.

5. Now finding the adaptive median coefficient (λ) using f (Medianglobal)

and f (Mediansub i).

λ = f (Medianglobal)− f (Mediansub i) (6.12)

6. Now correct the feature baseline of sub i using λ as follows:

f new i = λ + f sub i (6.13)

7. Repeat step 4 to step 6 for all the training subjects (n).
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8. Repeat step 4 to step 6 for the testing subjects using the f (Medianglobal)

calculated from the training data.

The λ can be either negative or positive depends on the inter-subject me-

dian variability.

6.2.6 Classification

The classification of the proposed method was performed using the SVM clas-

sifier due to its better performance in previous studies [25, 42, 65, 89, 128,

135, 170]. During the simulation, the radial basis function kernel showed bet-

ter performance in terms of classification results. The classifier was assessed

using leave-one-subject-out cross-validation to achieve the robustness of the

method. The trained SVM classifier was tested on each single left out subject

and the process repeated so that all the subjects have been used for testing.

Further, SVM classifier tuning parameters were set as follows in MATLAB

2018b: Kernel function = radial basis function, Kernel Scale = 1, Box Con-

straint = 1, and Standardize = true.

The simulations were performed on MATLAB 2018b using 8GB RAM,

CPU 2 GHz with an Intel i3 processor.

6.2.7 Post-processing

As reported in [180, 181], post-processing was performed using a 5-tap MAF

to the SVM classifier output. This helps to reduce the random noise without

disturbing the sharp step response during seizure activity. The filtered out-

put [0, 1] was compared with a threshold of 0.5 to make the final decision as

seizure and non-seizure. After the threshold, the decision was made as seizure
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and non-seizure if the threshold was greater than and less than of 0.5 respec-

tively. Post-processing of the classifier output helps to reduce the false alarms

in real-time seizure detection for ICU patient monitoring.

6.2.8 Performance measures

The algorithm performance was calculated by the mean results across all the

40 subjects using leave-one-subject-out cross validation. The algorithm was

assessed using performance parameters, namely sensitivity, specificity, the

area under the curve (AUC) and false detection rate (FDR).

Sensitivity (S+) =
TP

TP + FN
(6.14)

Speci f icity (S−) =
TN

TN + FP
(6.15)

where, TP is seizure detected as seizure, FN is seizure detected as non-

seizure, TN is non seizure detected as non-seizure and FP is non-seizure de-

tected as seizure. The area under the receiver operating characteristic (ROC)

curve was reported using sensitivity and 1-specificity. An FDR was calculated

by using the ratio of a total number of false detections to the total duration of

the data in hours in all the epochs.

6.2.9 Classification scenarios

The proposed seizure detection approach was evaluated using 10 different

classification scenarios (CS) in terms of outliers removal and correction, AM-

FBC, and post-processing and same is depicted in Table 6.1.
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TABLE 6.1: Different classification scenarios considered for the study

Classification scenario Outliers removal and correction AM-FBC Post- processing

1 No
No No
No Yes

2 No
Yes No
Yes Yes

3
Replace
(Nearest- Mean)

Yes No
Yes Yes

4
Replace
(Spline-Median)

Yes No
Yes Yes

5
Replace
(Spline-Quartile)

Yes No
Yes Yes

6 Yes (k=3)
Yes No
Yes Yes

7 Yes (k=2)
Yes No
Yes Yes

8 Yes (k=1.5)
Yes No
Yes Yes

9 Yes (k=1)
Yes No
Yes Yes

10 Yes (k=0.5)
Yes No
Yes Yes

Note: CS3 to CS5 are outliers correction and CS6 to CS10 are outliers removal methods.
Spline and nearest are outlier correction methods. Median, Mean and Quartile are outlier detect methods.

6.3 Results

6.3.1 Analysis of AM-FBC

Fig. 6.2 shows the example of the raw EEG signal, pre-processed EEG and

spectra of channel Fp2 from subject 2. The SDI and MD values for all the

40 subjects were shown using the boxplot in Figs. 6.3a & c respectively. The

inter-subject variability in SDI and MD features can be observed in most of

the subjects (high variability in subjects 3, 4, 10, 16, 22, 25, 27, 28, 31, 32, 33,

34, 35, 36, 37 38 and 39), which leads to poor classification performance. In

order to correct the feature baseline among different subjects, we have applied

a novel AM-FBC (refer to 2.5) and results are shown in Figs. 6.3b & d for
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each subject. We observe that the SDI and MD features baseline was brought

to a common range (indicated in a horizontal line) after applying AM-FBC.

We observe some overlap between seizure and non-seizure in SDI and MD

features for subjects 4, 10, 12, 16, 21, 25, 27, 28, 30, 33, 34, 35 and 39,

which degrades the classification results. After AM-FBC for both SDI and

MD seizure and non-seizure features were significantly different (p < 0.05)

when tested using a Wilcoxon rank sum test.

Fig. 6.4 shows the resultant features median values before and after AM-

FBC. In Fig. 6.4, the smooth line shows the median values for actual SDI and

MD features. It can be seen that high variation of median values among differ-

ent subjects. In addition, the overlap between seizure and non-seizure median

values can be observed for both the features before the AM-FBC. The other

line with a circle and plus shows the corrected median values after applying

AM-FBC.

6.3.2 Influence of post-processing

The effect of post-processing of the SVM classifier output is depicted in Fig.

6.5. The post-processing mechanism involves a 5-tap MAF, thresholding, and

binary decision. Figs. 6.5b & c shows the SDI and MD features respectively

for the EEG shown in Fig. 6.5a. As one can observe that the false alarms in

Fig. 6.5d are high as compared to the ground truth results in Fig. 6.5g. The

SVM classifier output was smoothed using a 5-tap MAF for each channel and

applied a threshold at 0.5 as described in [85]. As a result of filtering, the

false detections were reduced (refer to Fig. 6.5f) and the output was closely
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(a)

(d) Spectrogram of pre-processed EEG from channel Fp2
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(c) Spectrogram of raw EEG from channel Fp2
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FIGURE 6.2: (a) Raw EEG from subject 2. (b) Pre-processed EEG using a notch
filter, bandpass filter and ICA for artifacts removal. (c) Spectrogram of raw EEG

from channel Fp2. (d) Spectrogram of pre-processed EEG from channel Fp2.

matched with ground truth labels (refer to Fig. 6.5g). The post-processing ap-

proach significantly improved the classification results (p < 0.05) for seizure

detection (refer to Fig. 6.8).
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(a)

(b)

(c)

(d)

FIGURE 6.3: The boxplot of SDI and MD features for each subject before and after
AM-FBC. The boxplot with black boxes indicates seizure and blue boxes indicates
non-seizure. The red + indicates the outliers which are beyond the whiskers. The

horizontal blue line was drawn as a reference threshold using median values.
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FIGURE 6.4: Median values of SDI and MD before and after AM-FBC. The x-axis
is the median values that are sorted for better understanding.
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FIGURE 6.5: Effect of post-processing for seizure detection. (a) EEG signal be-
longs to channel P4. (b) & (c) Corresponding SDI and MD values of channel P4
respectively. (d) SVM classifier output. (e) The smoothed output after a 5-tap
MAF was applied on classifier output when classified using both SDI and MD. The
threshold (red line) was set to 0.5 to make a binary decision. (f) Binary decision
after applying thresholding to smoothed output. (g) Ground truth, where 0 and 1

indicate non-seizure and seizure respectively.
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6.3.3 Seizure classification results

Fig. 6.6 shows the ROC curve for different classification scenarios. The best

ROC was obtained when both SDI and MD features were classified and post-

processing was applied. The estimated area under the ROC curve for each

classification scenario is reported in Fig. 6.7. In the case of both SDI and MD

features together, outliers removal was excluded due to an imbalance number

of feature segments in SDI and MD.
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FIGURE 6.6: The ROC curve for different classification scenarios for the proposed
method. (a) & (b) The ROC curve of SDI, (c) & (d) The ROC curve of MD, (e)
& (f) The ROC curve when both SDI and MD was used for classification. Left
column: The ROC curve without post-processing, Right column: The ROC curve

with post-processing. The CS indicates classification scenario.
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First, we discuss the classification results obtained using SDI feature. The

AUC of 0.6064 (S+=0.2307, S−= 0.9820) was achieved when outliers re-

moval, AM-FBC, and post-processing techniques (CS1) were not applied.

These poor results were due to the inter-subject variability of SDI feature.

In CS2, the AUC of 0.9062 (S+=0.8573, S−=0.8567) was achieved with AM-

FBC, without the outliers removal and post-processing. It was evident that

AM-FBC has a significant contribution to classification results. Further, ap-

plying post-processing in CS2, the AUC increased to 0.9428 (S+=0.8722,

S−=0.8770). Hence, it was proven that the application of AM-FBC and post-

processing greatly improves seizure detection and reduces the FDR.

In next CS3, CS4 and CS5, outliers were detected using median, mean

and quartiles methods respectively and filled using spline and nearest meth-

ods [187]. Application of outliers correction methods resulted in the AUC of

0.9388, 0.9445, and 0.9445 for CS3, CS4, and CS5 respectively when post-

processing was used. Interestingly, no distinct difference in terms of clas-

sification results was observed with outliers and outliers correction methods

(CS2 to CS4). The AUC of 0.9072 (S+=0.8578, S−=0.8566) and 0.9437

(S+=0.8734, S−=0.8764) were obtained without and with post-processing re-

spectively when k = 3 (CS6) for outliers removal which was same as the pres-

ence of outliers (CS2). Using the k = 2, 1.5, 1 and 0.5, for CS7, CS8, CS9,

and CS10 the AUC of 0.9470 (S+=0.8742, S−=0.8758), 0.9525 (S+=0.8805,

S−=0.8776), 0.9627 (S+=0.8984, S−=0.8805), and 0.9663 (S+=0.9661, S−=0.8446)

was obtained respectively. We observe that the AUC increases as the k value

decrease that implies more loss the feature samples. Even though the highest

AUC was achieved for CS10 (k = 0.5), the S− drops to 0.8446 which is not a
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good sign.

Similar observations were made when the MD feature was used for clas-

sification. The AUC of 0.9332, 0.9000, 0.9475, 0.9476 was obtained for CS2

to CS5 respectively with post-processing. Further, the highest AUC of 0.9757

(S+=0.9791, S−=0.8636) and 0.9812 (S+=0.9822, S−=0.8705) was achieved

with k = 0.5 (CS10) for without and with post-processing respectively.

The AUC was increased to 0.9158 and 0.9556 without and with post-

processing respectively when both SDI and MD features (CS2) were used for

classification. Further, the AUC of 0.9619 (S+=0.9434, S−=0.8561), 0.9592

(S+=0.9062, S−=0.8702), and 0.9593 (S+=0.9069, S−=0.9069) were obtained

for CS3, CS4, and CS5 respectively using post-processing which was better as

compared to results obtained using SDI and MD alone.

Fig. 6.8 shows the comparison of AUC obtained in case of with and with-

out outliers removal, AM-FBC, and post-processing on SDI and MD features.

The overall results from different CS conclude that the application of outliers

removal and correction, AM-FBC and post-processing plays a significant role

(p < 0.05) in improving classification results.

6.4 Discussion

6.4.1 Effect of outliers removal

We have investigated the effect of outliers on classification results and loss of

diagnostic information. In order to accomplish this task, we have considered

the CS 6 to 10 and corresponding AUC. The percentage of the feature samples

lost after outliers removal was taken into account for the analysis. Fig. 6.9
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FIGURE 6.7: Classification results in different CS obtained using the proposed
seizure detection approach. First row (a): SDI results, Second row (b): MD
results, Third row (c): Results when both SDI and MD were combined. First col-
umn: Sensitivity (S+), Second column: Specificity (S−), Third column: AUC,
and Fourth column: FDR. The X-tick labels indicate different classification sce-

narios.
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FIGURE 6.9: (a) Effect of outliers removal on classification results (AUC). (b)
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shows the effect of outlier removal on AUC and percentage of feature samples

lost. As it can be seen, the highest AUC of 0.9663 and 0.9812 was obtained

for k = 0.5 using SDI and MD features respectively. However, 17% of the

feature samples were lost as compared to the original feature set. Similarly,

a minimum of 0.3% of samples were lost for k = 3 and showed AUC of

0.9023. We observe that as the outlier removal factor k increases, the AUC

and percentage of loss of feature samples decreases. In other words, the lower

the k, the higher the classification results and loss of diagnostic information.

As an optimal setting, k = 1.5 can be used for real-time application as that was

resulted in the AUC of 0.958 with 1% of samples lost. It concludes that outliers

removal factor must be chosen carefully in order to avoid losing diagnostic

information.
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6.4.2 Effect of a moving average filter

The length of the MAF for post-processing needs to be chosen properly. If the

length of the filter is higher, it tends to a delay in seizure detection and short

seizures will be missed out. The lower length of the filter will not improve the

classification results but ideal for lower detection delay. In our study, it needs

a delay of 10 s (5th order filter x segmentation length of 4 s = 20 s, due to 50%

overlap it becomes 10 s data) to produce classification output of MAF. The 10

s criteria is the same as a minimum seizure duration considered as per Interna-

tional Federation of Clinical Neurophysiology (refer to 6.2.1) [183]. Hence,

our classification results suggest that a 5-tap MAF would be ideal to avoid lim-

itations such as higher detection delay and lower classification performance.

6.4.3 Effect of threshold in post-processing

With the goal of achieving an acceptable trade-off between sensitivity and

specificity, threshold must be fixed accordingly. Fig. 6.10 shows graph of

sensitivity and specificity versus different threshold for post-processing. The

higher the sensitivity for lower threshold value results in poor specificity and

in contrary for higher threshold values. In order to achieve the good trade-

off between sensitivity and specificity, a threshold of 0.5 found to be optimal

selection. Further, a threshold of 0.5 provides an equal justification to both the

classes (seizure and non-seizure) being a mid-point.
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FIGURE 6.10: Effect of threshold in post-processing on sensitivity and specificity.
Threshold was varied between 0.1 to 0.9.

6.4.4 Comparison with other studies

The comparison was restricted to the studies that have used either or both FBC

and post-processing for seizure detection. Ahmed et al. [181] have proven that

the post-processing of the SVM classifier output improved the seizure detec-

tion rate. Similarly, Temko et al. [180] have used the central linear MAF

followed by logical OR operation with collar technique to increase the seizure

detection rate and reduce the false detection. In [180, 181], post-processing

was applied using a 9-tap and 15-tap MAF respectively, which leads to a delay

in the final decision of seizure detection. Further, Bogaarts et al. have used

a Kalman filter for post-processing in his three studies [20, 84, 179] proving

the need for post-processing and a Kalman smoother for features before clas-

sification. Logesparan et al. [178] have proven MDM was better among five

methods and improved classification results seen in [20]. In [162], bitwise

logical OR operator was applied on classification output which was obtained

from DWT based 65 features. In total, 55 [180, 181], 65 [162] and 103 [20, 84,
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TABLE 6.2: Comparison between the state of the art seizure detection algorithms

Author EEG database Duration
of EEG (h)

Number
of subjects

Number of
seizures Feature extraction FBC Classifier Post-

processing Results

[162]

National Society of
Epilepsy (UK), Katholieke
Universiteit Leuven
(Belgium), and Freiburg
University Hospital
(Germany).

172 24 adults 47
DWT based
Relative power Normalization Threshold

Bitwise
logical
OR
operator

AUC = 0.83

[178] CHB-MIT 884 23 182 Line length MDM Threshold No AUC=0.93

[181]

Neonatal Intensive
Care Unit
(NICU) of Cork
University
Maternity Hospital,
Cork, Ireland

261 17 neonates 821 55 features No SVM MAF AUC=0.71

[179]
MUMC
The Netherlands 25

39 term and
pre-term
new borns

360 103 features ANSFV SVM
Kalman
filter

AUC=0.902
Sensitivity=0.801
Specificity=0.831

[20]
MUMC,
The Netherlands 4018

17 ICU
patients 1362 103 features MDM SVM

Kalman
filter AUC=0.96

[180]

Neonatal Intensive
Care Unit
(NICU) of Cork
University
Maternity Hospital,
Cork, Ireland

267 17 new borns 705 55 features No SVM
Central
linear
MAF

Sensitivity=89%

[84]
MUMC,
The Netherlands 613

39 neonatal
39 adults

34898∗ 103 features ANSFV SVM
Kalman
filter AUC=0.93

Proposed
MUMC,
The Netherlands 21

40 ICU
patients 1273∗∗

SDI
and MD AM-FBC SVM MAF

AUC=0.9663 (SDI)
AUC=0.9812 (MD)
AUC=0.9593 (Both)

∗34898 Feature vectors derived from 10s epoch, ∗∗ 1373 seizure epochs of 10 s duration

179] features were used that leads to the computational expense of the overall

algorithm during feature extraction and classification. The results presented in

Table 6.2 shows that the proposed method outperformed other state-of-the-art

methods in terms of classification results.

In case of real-time seizure detection, latency of seizure detection also

matters to avoid any damages caused to patient. As discussed in previous

studies [85, 100, 137] latency of seizure detection is one of the key metric.

The algorithm used to calculate the features and the subsequent classification

of the data is possible within 4 seconds. Therefore, patient treatment can be

considered on short notice.
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6.4.5 Significant findings of the study

The significant findings and contributions of our study are summarized as fol-

lows:

1. A novel AM-FBC was proposed to overcome the inter-subject variabil-

ity in feature distribution and a 5-tap MAF for post-processing of the

SVM classifier.

2. We observed a significant difference in terms of median values of SDI

and MD features before and after AM-FBC.

3. Outliers removal method outperformed outliers correction method.

4. The lower outlier removal factor (say k = 0.5) results in high loss of

feature samples with improved classification results.

5. When outliers were removed with k = 0.5, specificity started decreasing

as compared to results of k = 1.

6. The classification results revealed that the FDR reduces when post-processing

was applied.

7. As compared to the studies [20, 84, 162, 179, 180, 181] that have used

multiple features for seizure detection, our proposed algorithm has shown

better classification results using a single feature leading to computa-

tionally efficient, which is an ideal for real-time application.

8. The MD performs better than SDI without post-processing and contrary

with post-processing (refer to Fig. 6.9) revealing post-processing has

more effect on SDI compared to MD.
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9. We have already proven that SDI and MD were computationally efficient

in our previous studies [89, 182]. AM-FBC and post-processing are

simple steps leading to computationally efficient algorithms. Starting

from pre-processing to post-processing for off-line seizure detection of

a single subject takes on average 2.6 s.

10. Overall, the results of the study suggest that AM-FBC and post-processing

has an effect on seizure classification results.

6.4.6 Clinical significance

This study mainly focuses on FBC to reduce the feature distribution variation

using AM-FBC, which has major impact on improving the classification re-

sults. Developed algorithm will help to monitor the epilepsy patients admitted

to ICU. Further, it reduces the manual intervention of experts for analyzing

long term EEG signals.

6.4.7 Limitations and future direction

For this study, we only used short duration EEG recordings from MUMC.

From this it is unknown if there are drawbacks using these classifiers for long-

term recordings as in continuous recording on the ICU. Further, outliers re-

moval results in loss of diagnostic information even though good classification

results were obtained. Classification of artifacts and epileptiform activities

was not done in our study where that has a significant contribution to reduce

false detection. As a future expansion, long-term EEG recording will be used

to validate the proposed algorithm. Further, deep learning neural network will

be explored for seizure detection.
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6.5 Conclusion

In this paper, we propose a novel algorithm called AM-FBC to correct the

inter-subject variability in feature distribution for patient-independent seizure

detection algorithm in ICU EEG. The results suggest that the application of

AM-FBC, outliers removal and post-processing revealed the AUC of 0.9663

and 0.9822 using SDI and MD features respectively. Further, we found that the

lower the outlier removal factor improved the seizure detection performance

at the cost of loss of feature samples. This study has proven that two novel

features SDI and MD were capable of detecting seizures on new EEG dataset

leading to algorithm generalization and robustness.
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TABLE 6.3: EEG database details used for the study

Subject # No. channels
has seizures

Age
(years) Gender Record

length (h)
Number of
seizure epochs

Mean duration
of seizure (s)

Min duration
of seizure (s)

Max duration
of seizure (s)

1 4 68 M 0.3694 38 57.92 21 102
2 19 27 M 0.3472 21 125.19 121 184
3 2 33 F 0.3361 4 79.75 29 111
4 2 61 F 0.5861 29 85.72 39 157
5 5 56 F 0.8028 21 35.42 29 42
6 1 47 F 0.4111 1 115 115 115
7 4 84 M 0.7389 8 79.62 53 116
8 19 75 F 0.7361 56 62.35 24 135
9 9 22 M 0.4556 9 311 262 484
10 4 57 F 1.1333 8 950 26 1949
11 2 65 F 0.4528 4 55 38 76
12 19 65 M 0.6583 26 147.57 43 171
13 3 46 F 0.3278 3 31 31 31
14 2 76 M 0.5000 38 33.26 17 43
15 19 40 F 0.4639 52 80.43 38 194
16 19 49 F 0.3861 44 55.51 34 124
17 2 50 F 0.3444 4 132 131 134
18 4 40 M 0.4000 4 87.50 32 106
19 19 49 F 0.8028 43 55.5 34 124
20 19 49 F 1.5750 43 55.5 34 124
21 3 66 M 0.5500 12 140.33 124 150
22 3 29 M 0.3333 30 20.1 20 36
23 3 62 M 0.4556 9 112.33 106 117
24 12 43 M 0.7306 228 19.89 25 32
25 11 40 F 0.6472 44 59 24 119
26 5 71 M 0.3667 10 169 169 169
27 14 84 F 0.4500 224 44.43 18 82
28 19 71 F 0.3611 76 74.25 15 125
29 2 89 F 0.5167 14 84.71 49 135
30 3 79 F 0.5361 3 90 90 90
31 5 29 F 0.3111 9 13.77 13 16
32 3 59 M 0.4472 3 79 79 79
33 19 83 M 0.5194 114 17 12 29
34 7 46 F 0.7111 39 111.6 26 142
35 3 23 F 0.3417 15 45.2 39 52
36 19 46 F 0.3556 19 79 79 79
37 5 50 M 0.4639 10 12 12 12
38 19 27 F 0.3389 38 12 12 12
39 4 68 M 0.3722 8 164.5 150 179
40 3 62 M 0.3344 12 91.5 79 119



CHAPTER 7

Cross-database evaluation of EEG based

classification of epileptic seizures driven by

adaptive median feature baseline correction

S Raghu, Natarajan Sriraam, Erik D Gommer, Danny M W Hilkman, Yasin

Temel, Shyam Vasudeva Rao, Alangar Sathyaranjan Hegde, Pieter L Kubben

Clinical neurophysiology, 131:1567-1578

Year: 2020

https://doi.org/10.1016/j.clinph.2020.03.033

https://doi.org/10.1016/j.clinph.2020.03.033




215

Abstract

Objective: In long-term EEG signals, automated classification of epileptic

seizures is desirable in diagnosing epilepsy patients, as it otherwise depends on

visual inspection. Existing studies have validated their algorithms using cross-

validation on the same database and no attempts have been made to extend

their work on other databases to test the generalization capability of the de-

veloped algorithms. In this study, we present the algorithm for cross-database

evaluation for classification of epileptic seizures using five EEG databases col-

lected from different centers. The cross-database framework helps when suffi-

cient epileptic seizures EEG data are not available to build automated seizure

detection model.

Methods: Two features, namely successive decomposition index and matrix

determinant were extracted at a segmentation length of 4 s (50% overlap).

Then, adaptive median feature baseline correction (AM-FBC) was applied to

overcome the inter-patient and inter-database variation in the feature distribu-

tion. The classification was performed using a support vector machine classi-

fier with leave-one-database-out cross-validation. Different classification sce-

narios were considered using AM-FBC, smoothing of the train and test data,

and post-processing of the classifier output.

Results: Simulation results revealed the highest area under the curve-sensitivity-

specificity of 1-1-1, 0.89-0.99-0.82, 0.99-0.73-1, 0.95-0.97-0.85, 0.99-0.99-

0.92 using the Ramaiah Medical College and Hospitals, CHB-MIT, Temple

University Hospital, Maastricht University Medical Centre, and University of

Bonn databases respectively.
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Conclusions: We observe that the AM-FBC plays a significant role in im-

proving seizure detection results by overcoming inter-database variation of

feature distribution.

Significance: To the best of the author’s knowledge, this is the first study re-

porting on the cross-database evaluation of classification of epileptic seizures

and proven to be better generalization capability when evaluated using five

databases and can contribute to accurate and robust detection of epileptic

seizures in real-time.

7.1 Introduction

Epilepsy is the fourth most common neurological disorder, which affects 65

million people of all ages around the world [1, 2, 79]. A sudden discharge

of electrical activity in the brain causes temporary brain dysfunction, which is

referred to as a seizure and recurrent seizures lead to epilepsy [2, 119]. The

EEG signal contains clinically related information on neural, physiological

and pathological conditions of brain disorders. For epilepsy patients, long-

term monitoring of EEG signals is essential for pre-surgical evaluation, which

is found to be a challenging task as it requires manual intervention [7, 33,

79, 80, 188]. Automated seizure detection is desirable in long-term EEG

because that surrogate the manual intervention and saves experts time, im-

proves pre-surgical evaluation and speeds up the diagnosis process. Existing

studies have validated their algorithm on the same database but not on other

databases to prove the generalization capability of the algorithm. Seizure de-

tection algorithm would be more benefited when it is validated on multiple



217

EEG databases with a good number of seizures events. Therefore, to over-

come this gap, we present an algorithm for cross-database evaluation for clas-

sification of epileptic seizures using five EEG databases. Such cross-database

approach also helps when insufficient epileptic seizures EEG data is available

to build a seizure detection model.

7.1.1 Related background

Several studies have been proposed in the past for classification of epileptic

seizures [2, 21, 37, 80, 89, 178, 179]. The EEG signals from neonatal and

adult patients were considered to develop a patient-independent seizure de-

tection model which belongs to the same database. It was reported in [20,

178], feature normalization procedure based on the median decaying memory

(MDM) method increases the seizure detection performance. Another feature

baseline correction (FBC) method called average non-seizure feature values

(ANSFV) uses the first 3 min of the seizure and artifact-free EEG to correct

the feature baseline [84, 179]. A patient-specific seizure onset detection model

was proposed using wavelet decomposition based morphology and spatial fea-

tures using Children’s Hospital Boston-Massachusetts Institute of Technology

(CHB-MIT) database [88].

Optimized deep neural network architecture was applied on EEG signals

to perform binary, three-class, and five class classification of epileptic seizures

[189]. Frequency–moment signatures based showed better seizure detection

results using 12 patients EEG [190]. Spectral and temporal features extracted

in five frequency bands classified using support vector machines (SVM) clas-

sifier [191]. Zheng et al. [192] proposed seizure prediction model using phase
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synchronization information of intrinsic mode functions extracted by bivari-

ate empirical mode decomposition.A prospective multi-center study was per-

formed in three epilepsy monitoring units including 205 patients [193]. Fur-

ther, the study was extended on retrospective EEG data of 310 patients and

the publicly available CHB–MIT dataset. A multimodal automatic seizure de-

tection algorithm showed the high sensitivity with full and reduced electrode

montages [194]. Integrated power in the frequency band 2.5–12 Hz calcu-

lated from the short-time Fourier transform (STFT) approach using adaptive

thresholding was applied on 194 temporal-lobe epilepsy patients [188].

Wavelet packet transforms (WPT) based combined seizure index (CSI)

[102] and harmonic WPT [122] features based models were proposed for

seizure classification. Discrete wavelet transforms (DWT) based statistical

features model was introduced using the classifier using Bern-Barcelona dataset

and the University of Bonn (UBonn) databases [42]. Rational STFT (DSTFT)

based approach yielded good classification results using multi-layer percep-

tron (MLP) classifier. Matrix determinant feature using the SVM classifier

was proposed using the Ramaiah Medical College and Hospitals (RMCH) and

UBonn databases [89]. A threshold-based seizure detection method was pro-

posed using the minimum variance modified fuzzy entropy [19]. Recently,

deep learning algorithms have been used for classification of normal, pre-ictal,

and seizure activities [39, 57, 164]. Further, promising results were obtained

using entropies like approximate entropy [27, 47], weighted permutation en-

tropy [98], log energy and norm entropy [21], sigmoid entropy [83], Renyi,

spectral, Shannon and wavelet entropies [36, 66, 81, 110] for seizure detec-

tion. Acharya et al. [22] have reviewed articles related to computer-aided
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diagnostic systems to automatically classify normal and abnormal activities

using less number of features. A review on wavelet-based EEG processing

for automated detection of epileptic seizures was reported in [130]. A system-

atic review on autonomic symptoms and signs during epileptic seizures which

includes cardiovascular changes, respiratory manifestations, gastrointestinal

symptoms, cutaneous manifestations, sexual and genital manifestations, and

urinary symptoms was performed [195].

The post-processing of the classifier output has gained attention using a

Kalman filter [179], a central linear moving average filter (MAF) [180], and

MAX operator with a MAF [181] for seizure detection with improved per-

formance. It was evident from the literature that the SVM classifier has been

promising classification tool for epileptic seizure detection [20, 25, 65, 84, 88,

163, 179, 180, 181].

The proposed study used two features called successive decomposition in-

dex (SDI) and matrix determinant (MD), which were proposed by our group

in [89, 182]. The SDI was evaluated on the RMCH, CHB-MIT and the Temple

University Hospitals (TUH) databases in [182] and MD was tested on UBonn

and RMCH databases in [89]. Further, adaptive median feature baseline cor-

rection (AM-FBC) was proposed in [196] to correct inter-subject variation in

feature distribution for intensive care unit (ICU) EEG recordings that were

collected from Maastricht University Medical Centre (MUMC). In the same

study, post-processing of classifier output proven to be ideal to improve the

classification results. Above-mentioned methods were used in the present

study to propose a cross-database framework for seizure detection.

Even though multiple databases were used in [20, 42, 89, 122, 193] for
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epileptic seizure classification, the cross-database framework was missing for

the generalization ability of the algorithm. Therefore, the present study pro-

poses cross-database evaluation using five EEG databases for classification of

epileptic seizures driven by AM-FBC, smoothing of the train and test data and

post-processing of the SVM classifier output.

7.1.2 Importance and contributions of proposed study

Importance of cross-database validation are: (1) Cross-database algorithm can

be used when sufficient epileptic seizures EEG data is not available to build

a seizure detection model on new EEG recordings, (2) Cross-database evalua-

tion confirms the generalization capability of the developed algorithm.

The followings are the contributions of our study: (1) AM-FBC was used

to reduce the inter-subject and inter-database variation in the feature distri-

bution, (2) Studied the effect of smoothing of the train and test data, (3)

Post-processing of the SVM classifier output, and (4) Most importantly, cross-

database evaluation was proposed using five EEG databases.

7.2 Materials and methods

7.2.1 Proposed method

Fig. 7.1 depicts the flow of the cross-database evaluation for classification

of the epileptic seizure using five (N = 5) databases. Initially, the EEG

recordings were pre-processed and two features (SDI and MD) were extracted.

First, FBC was applied to the subjects level and then to the database level.

Smoothing of the train and test data was applied before the SVM classifier was
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FIGURE 7.1: The flow of the cross-database framework evaluation for seizure de-
tection using five (N = 5) databases. The SVM classifier was trained with (N− 1)
databases and tested on the left out database. First, the feature baseline correction
(FBC) was applied separately on each database to correct the inter-patient varia-
tion. The adaptive median coefficient estimated from trained inter-database FBC

was used to correct the feature baseline of the test database.

trained with leave-one-database-out cross-validation approach. The trained

SVM classifier was tested on the left out database and post-processing was

applied using a MAF. The same procedure was repeated five times until all the

databases were used both training ((N − 1) times) and testing (1 time).

7.2.2 Clinical EEG recordings

The cross-database evaluation was performed using five databases obtained

from the RMCH, CHB-MIT, TUH, MUMC, and UBonn EEG recordings.

7.2.2.1 RMCH

The first EEG database used for the cross-database framework was from the

RMCH, Bengaluru, India after ethical approval was obtained from the RMCH

ethics committee to use these EEG recordings for research purpose. The
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RMCH database was recorded using the International 10-20 system config-

uration at a sampling rate of 128 Hz using Galileo Suite NB Neuro digital

EEG system. This unipolar EEG was recorded using the following 19 scalp

electrodes: Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4,

T6, O1, and O2. Reference electrode placed at the ear was used as reference

for unipolar EEG. Only EEG recordings from epileptic patients were used for

this study, which consists of 115 subjects (67 male and 48 female) ranging

between 2.5 to 75 years. Two experts at the RMCH visually marked EEG

as non-seizure and seizure segments. The RMCH database consists of 162

seizures (approximately 4.36 hours of seizure data) from 115 subjects with the

recording duration of each patient varied from 20 minutes to 3 hours.

7.2.2.2 CHB-MIT

The second database used for the cross-database framework was obtained from

the CHB-MIT1 EEG database which is available in Physionet repository [88,

100]. The CHB-MIT database is one of the largest open source EEG databases

with 844 hours of data from the 23 patients recorded at a sampling rate of

256 Hz. The CHB-MIT database was recorded using the International 10-20

system bipolar montage electrode placement with the following 23 channels:

FP1-F7, F7-T7, T7-P7, P7-O1, FP1-F3, F3-C3, C3-P3, P3-O1, FZ-CZ, CZ-

PZ, FP2-F4, F4-C4, C4-P4, P4-O2, FP2-F8, F8-T8, T8-P8, P8-O2, P7-T7,

T7-FT9, FT9-FT10, FT10-T8, and T8-P8.
1http://www.physionet.org/pn6/chbmit
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7.2.2.3 TUH

The third database was obtained from the TUH2 EEG resource [113, 114],

which includes EEG from focal non-specific, generalized non-specific, simple

partial, complex partial, absence, tonic, tonic-clonic, and myoclonic seizure.

This unipolar EEG signal was recorded using the International 10-20 system

electrode configuration at a sampling rate of 250 Hz. For the study, 222

seizures from 316 subjects were considered from massive EEG recordings.

The electrode placement in the TUH database was the same as in the RMCH

database.

7.2.2.4 MUMC

The fourth database was obtained from the Department of Clinical Neuro-

physiology, MUMC, Maastricht, The Netherlands. The MUMC EEG database

was used for research purpose after approved by the hospital ethics commit-

tee. This database consists of 40 routine EEG registrations recorded at the

intensive care unit. The MUMC scalp EEG recordings were recorded using

BrainLab EEG recording system at a sampling rate of 250 Hz using a com-

mon average montage using 19 unipolar electrodes. This database consists of

21 hours of EEG including 1273 seizure epochs with a minimum duration of

12 s and a maximum duration of 1949 s. Technician at the MUMC hospital

annotated the seizure and non-seizure epochs and checked by a clinical neuro-

physiologist. The electrode placement in the MUMC database was the same

as in the RMCH database.
2https://www.isip.piconepress.com/projects/tuh_eeg/index.shtml
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7.2.2.5 UBonn

The fifth database used for the cross-database framework was a publicly avail-

able database from the UBonn 3[33]. The UBonn EEG was recorded from five

different subjects under-going pre-surgical evaluations. UBonn EEG record-

ings were divided into five subsets (set A, set B, set C, set D, and set E),

each subset consists of 100 single-channel EEG segments of 23.6 s duration

recorded at a sampling rate of 173.61 Hz. Each subset EEG in UBonn belongs

to normal with eyes open (set A), normal with eyes closed (set B), pre-ictal

(set C), post-ictal (set D) and ictal state (set E) conditions. Sets A and B con-

tain recordings obtained through external surface electrodes and sets C–E were

recorded using intracranial electrodes. In our study, set A to set D considered

as non-seizure and set E considered as seizure activity [48, 80].

Table 7.1 provide detailed information on all the five databases used for

cross-database evaluation. All the five EEG databases used in the study are

belongs to retrospective data.

7.2.3 Pre-processing

Among the five databases, the three open source databases (CHB-MIT, TUH,

and UBonn) were already pre-processed for artifacts. Initially, a 50 Hz IIR

notch filter was applied to eliminate the power line noise and a bandpass filter

was applied with a lower and higher cut-off frequency of 0.5 and 32 Hz re-

spectively. In order to eliminate the artifacts like eye blinks, muscle artifacts,

and electrode movements, independent component analysis (ICA) was applied

3http://epileptologie-bonn.de/cms/front_content.php?idcat=193&lang=3&changelang=3
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TABLE 7.1: Details of different EEG databases used for cross-database evaluation

RMCH CHB-MIT TUH MUMC UBonn

Open source database No Yes Yes No Yes
Type of EEG Scalp Scalp Scalp Scalp Scalp and Intracranial
Type of recording Unipolar Bipolar Unipolar Unipolar Unipolar
Sampling frequency (Hz) 128 256 250 250 173.73
Electrode position 10-20 10-20 10-20 10-20 10-20
Number of subjects 115 23 316 40 5
Age range (years) 3-60 3-22 2-90 22-89 -
Total duration (hours) 58 884 408 21 3.24
Number of channels 19 23 19 19 1**
Number of seizures 162 182 222 1273* 100***

* 1273 seizure events
** Multichannel data was converted to a single channel
***100 seizures file each of 23.36 s duration

to the filtered EEG (only on RMCH and MUMC databases) [72, 186] using

the ICA toolbox available in the EEGlab [116].

7.2.4 Feature extraction

In this study, we have used two features, namely SDI and MD that were re-

cently proposed by our group in [89, 182]. These were validated using RMCH,

CHB-MIT, TUH, and MUMC databases in our previous studies [89, 182, 196]

and were extracted at a segmentation length of 4 s with 50% overlap in this

study.

The procedure to estimate SDI and MD is given in Appendix A and Ap-

pendix B respectively.

7.2.5 Adaptive median feature baseline correction

Considering the fact that features have variations in the distribution in patient

level and database level, FBC was applied in two stages. First, AM-FBC was
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applied to update the feature distribution among the patients (scenario was

dominant in MUMC database). Next, feature baseline was applied on five

databases to correct the inter-database feature distribution variation. The AM-

FBC was successfully implemented to update the feature baseline for inter-

patient variation in our previous study [196] and better classification results

were obtained.

7.2.5.1 Inter-patient FBC

The procedure to correct the feature baseline among patients is given here.

1. Let a typical feature of all the subjects be represented as f (sub1, sub2, ...., subn).

2. Calculate the f (Medianseizure) and f (Mediannon−seizure) of all the train-

ing subjects using seizure and non-seizure feature respectively. The

length of the f (Medianseizure) and f (Mediannon−seizure) equals the

number of subjects.

3. Estimate global median ( f (Medianglobal)) using median values of seizure

and non-seizure.

f (Medianglobal) = Median{ f (Medianseizure) f (Mediannon−seizure)}

(7.1)

4. Now estimate the median of a single subject f (Mediansub i), where

i = 1, 2, 3, ..., n subjects.
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5. Now calculate the adaptive median coefficient (λ) using f (Medianglobal)

and f (Mediansub i).

λ = f (Medianglobal)− f (Mediansub i) (7.2)

6. Now correct the feature baseline of sub i using λ as follows:

f newi = λ + f sub i (7.3)

7. Repeat the step 4 to step 6 for all the subjects (n) using the f (Medianglobal).

The above procedure was applied to both SDI and MD features separately.

7.2.5.2 Inter-database FBC

The procedure to correct the feature baseline among databases is given in Ap-

pendix C.

7.2.6 Smoothing train and test data

Smoothing of the train and test data for classification purpose reported im-

proved results in [20, 84, 179]. Therefore, in this study, we have applied a

5-tap MAF to the train and test data which reduces the random noise and im-

proves the classification results [181].

7.2.7 Classification

The cross-database framework was evaluated using the SVM classifier due to

its better performance reported in previous studies [25, 42, 47, 65, 89, 128,
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135]. During the preliminary study, the radial basis kernel function showed

better performance in terms of classification results. The proposed method was

evaluated using leave-one-database-out cross-validation in which, the SVM

classifier was trained using four databases and tested on the left out database.

The procedure was repeated five times until all the databases were used for

the testing phase. The SVM classifier was tuned as follows: Kernel function =

radial basis function, Kernel Scale = 1 and Box Constraint = 1.

The experiment was performed in MATLAB 2018b using 8GB RAM, CPU

2 GHz with an Intel i3 processor.

The cross-database framework was assessed using performance parame-

ters, namely sensitivity, specificity, and the area under the curve (AUC).

Sensitivity (S+) =
TP

TP + FN
(7.4)

Speci f icity (S−) =
TN

TN + FP
(7.5)

where, TP is seizure detected as seizure, TN is non-seizure detected as

non-seizure, FN is seizure detected as non-seizure, and FP is non-seizure

detected as seizure. The area under the receiver operating characteristic (ROC)

curve was estimated using sensitivity and 1-specificity.

7.2.8 Post-processing

The post-processing of the classifier output has proven to be a better choice to

reduce false detections and improve the classification results [180, 181, 196].

In our study, different tap lengths (2 to 10) of MAF were applied to the SVM
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TABLE 7.2: Different classification scenarios used to evaluate cross-database
framework

Classification
scenario FBC Smoothing of

train data
Smoothing of
test data

1 No No No
2 No Yes No
3 No Yes Yes
4 Yes No No
5 Yes Yes No
6 Yes No Yes
7 Yes Yes Yes

Note: All the classification scenarios were
evaluated with and without post-processing

classifier output to perform the post-processing as reported in [180, 181, 196].

The post-processing output [0, 1] was assigned depending on a predefined

threshold of 0.5 to classify as a seizure and non-seizure. The given EEG seg-

ment was classified as a seizure and non-seizure if the value was greater than

or equal to and less than 0.5 respectively.

7.2.9 Classification scenarios

The proposed cross-database framework was evaluated using different classi-

fication scenarios (CS) in terms of AM-FBC, smoothing of the train and test

data, and post-processing of the SVM classifier output. Table 7.2 depicts the

7 different CS used to evaluate the cross-database framework.



230

7.3 Results

7.3.1 Analysis of AM-FBC

After pre-processing, both SDI and MD features were extracted and AM-FBC

was applied individually to correct the inter-patient variation in the distri-

bution of the feature. Most inter-patient variation was seen in the MUMC

database. Figs. 7.2a & b shows the SDI and MD feature distribution for all

the five databases. We observe more variation in features distribution between

databases. In the RMCH database, SDI feature values for seizure are below

the SDI values of non-seizure from the other four databases. This is also the

case for the MD feature values in the RMCH and MUMC databases which

is referred to as inter-database feature distribution variation. Further, features

from the MUMC database had more outliers due to noisy EEG recordings. In

the next step, AM-FBC was applied to correct the feature baseline in inter-

database. The inter-database AM-FBC results are depicted in Figs. 7.2c &

d for SDI and MD features respectively. The Figs. 7.2c & d show that the

features baseline has been brought to a uniform level after applying AM-FBC.

A Wilcoxon rank sum test showed significance difference (p < 0.05) for each

database between seizure and non-seizures activities. The median values of

both the features before and after AM-FBC are depicted in Fig. 7.3. The high

variation among the databases is reflected for both SDI and MD features. The

median values after AM-FBC show less variation between the databases.
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FIGURE 7.2: The boxplot of SDI and MD features for each database before and
after applying AM-FBC. (a) SDI feature before applying AM-FBC. (b) MD feature
before applying AM-FBC. (c) SDI feature after applying AM-FBC. (d) MD feature
after applying AM-FBC. The boxplot with black boxes and blue boxes indicates
seizure and non-seizure activities respectively. The red + indicates the outliers

which are beyond the whiskers.

7.3.2 Cross-database results

Fig. 7.4 shows the ROC curve obtained from all the five databases under

different CS. The ROC was grouped database wise, with and without post-

processing of the classifier output. The area under the ROC curve obtained

for the proposed study is reported in Fig. 7.5. The ROC curve obtained

for the RMCH database was below the threshold line due to the effect of

inter-database feature distribution variation. Overall, the best ROC curve was

achieved when AM-FBC and smoothing of the test data were applied.

Fig. 7.5 shows the S+, S−, and AUC obtained for cross-database evalua-

tion. First, we discuss CS1, where AM-FBC, smoothing of train and test data

and post-processing was not applied. The AUC of 0.08 (S+=0, S−=0.90), 0.99

(S+=0.99, S−=0.99), 0.97 (S+=0.98, S−=0.94), 0.83 (S+=0.41, S−=0.98),
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FIGURE 7.3: The median values of SDI and MD feature for each database before
and after AM-FBC. Seizure and non-seizure features are plotted individually and

grouped database.

and 0.87 (S+=1, S−=0) was obtained for the RMCH, CHB-MIT, TUH, MUMC,

and UBonn databases respectively without post-processing. The AUC perfor-

mance of 0.01, 1, 0.99, 0.93, and 0.91 was obtained using the RMCH, CHB-

MIT, TUH, MUMC, and UBonn databases respectively when post-processing

was applied. Further, similar results were seen in case of CS2 and CS3 for all

the databases leading to the worse performance for the RMCH database. The

S+ closes to zero was obtained for the RMCH database due to reason that the

seizure EEG feature values of RMCH database are below the non-seizure EEG

feature values in the training databases (refer to Figs. 7.2a & b). This was the

clear indication of effect of inter-database feature distribution variation.

Now, we have applied AM-FBC to correct the feature distribution varia-

tion in inter-database. The effect of AM-FBC is already shown in Figs. 7.2 &

7.3. The AUC of 0.99 (S+=0.98, S−=0.98), 0.81 (S+=0.99, S−=0.75), 0.88

(S+=0.65, S−=0.96), 0.93 (S+=0.92, S−=0.84), 0.97 (S+=0.98, S−=0.90)
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FIGURE 7.4: The ROC curve for cross-database evaluation under different CS for
(a) RMCH, (b) CHB-MIT, (c) TUH, (d) MUMC, and (e) UBonn databases. Left
column: ROC curve without post-processing, Right column: ROC curve with
post-processing. In legend, CS indicates classification scenario (refer to Table 7.2

for details).

was achieved for the RMCH, CHB-MIT, TUH, MUMC, and UBonn databases

respectively in CS4 without post-processing. Similarly, the AUC was in-

creased to 1, 0.91, 0.91, 0.95, 0.99 for the RMCH, CHB-MIT, TUH, MUMC,

and UBonn databases respectively when post-processing was applied. The in-

fluence of AM-FBC improved the S+ and S− for the RMCH, MUMC and

UBonn databases respectively, which was worse in CS1 to CS3.

In CS4 to CS7, we have studied the effect of smoothing of the train and test

data for the SVM classifier. The AUC of 1, 0.84, 0.95, 0.95, 0.98 was obtained

for the RMCH, CHB-MIT, TUH, MUMC, and UBonn databases respectively

when post-processing was applied in CS5. Overall, the highest classification

results were obtained in CS6 when AM-FBC applied along with smoothing

of test data. The highest AUC of 1 (S+=1, S−=1), 0.89 (S+=0.99, S−=0.82),

0.99 (S+=0.73, S−=1), 0.95 (S+=0.97, S−=0.85), 0.99 (S+=0.99, S−=0.92)

was achieved for the RMCH, CHB-MIT, TUH, MUMC, and UBonn databases

respectively in CS6 with post-processing. Finally, we have taken an average
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of all the databases classification results to assess the performance of different

CS (refer to Fig. 7.5f). The results showed that the AUC of 0.77, 0.79, 0.77,

0.93, 0.94, 0.96, and 0.94 for CS1 to CS7 respectively with post-processing

which is being high for CS6.

The MAF length was varied between 2 to 10 to identify the optimal MAF

length to reduce the false detections. It was observed that false detection rate

decreases as the MAF length increases. For the optimal CS6 at the highest

sensitivity, the average false detection rate (per hour) of 0.15, 2.5, 1, 1.7, and

1.1 was achieved for RMCH, CHB-MIT, TUH, MUMC, and UBonn databases

respectively for MAF length of 10.

Overall, classification results showed that AM-FBC is essential to achieve

the generalized results for all the databases. Further, the smoothing of the

train and test data improved the classification results. The classification results

suggest that the proposed cross-database approach has better generalization

capability when evaluating using five databases.

7.4 Discussion

This study presents a cross-database evaluation for classification of epileptic

seizures using SDI and MD features, AM-FBC, smoothing, and post-processing.

The results showed that the highest AUC of 1, 0.89, 0.99, 0.95, and 0.99 using

the RMCH, CHB-MIT, TUH, MUMC, and UBonn databases respectively.
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FIGURE 7.5: Cross-database evaluation results using different CS for (a) RMCH,
(b) CHB-MIT, (c) TUH, (d) MUMC, (e) UBonn databases, (f) Average of all the
five databases results. First column: S+, Second column: S−, Third column:

AUC. The x-tick labels indicate different classification scenarios.

7.4.1 Influence of FBC

The classification results obtained for CS1 to CS3 were not consistent for all

the five databases. The S+ obtained for the RMCH and MUMC were close

to 0 and 0.44 respectively due to inter-database feature distribution variation.

It can be clearly understandable from Figs. 7.2a & b that was due to the fact

that the seizure EEG feature values of the RMCH and MUMC databases were
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below the non-seizure EEG feature values of other databases. Similarly, the

S− was 0 for the UBonn without applying AM-FBC for CS1 to CS3 because

non-seizure EEG feature values of the UBonn database were above the seizure

EEG feature values of other four databases. Even though good performance

was achieved for the CHB-MIT and TUH database in CS1 to CS3 (without

FBC), the worse performance in terms of S+ and S− cannot be acceptable

in real-time scenario. The influence of AM-FBC (refer to Figs. 7.2c & d)

improved the classification results in case of CS4 to CS7 (refer to Fig. 7.5)

proving that cross-database evaluation requires FBC.

The influence of AM-FBC on cross-database evaluation is depicted in Fig.

7.6 when tested on MUMC database and trained using the left out databases

with CS6. Figs. 7.6b & c shows the SDI and MD features respectively for

the EEG shown in Fig. 7.6a. As one can observe that the misclassification in

Fig. 7.6e are high as compared to the ground truth results in Fig. 7.6d when

AM-FBC was not applied. As a result of AM-FBC and smoothing (refer to

CS6), proper classification was seen (refer to Fig. 7.6f) with few false alarms

and it was corrected using post-processing (refer to Fig. 7.6h) that the output

was closely matched with ground truth labels (refer to Fig. 7.6d).

7.4.2 Influence of MAF on false detection

In our study, the MAF length was varied between 2 to 10 to identify the opti-

mal MAF length which influences on reducing the false detections. Fig. 7.7

shows the effect of MAF length on false detections for all the five databases.

As it can be seen from Fig. 7.7 that the false detection rate decreases as the

MAF length increases. The best results were achieved when MAF length was
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10 for CS6. The MAF length beyond 10 was not tested as it results in higher

delay in detecting seizure epochs.
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7.4.3 Comparison with other studies

It is worth noting that the exact comparison cannot be made as no studies have

reported cross-database evaluation for classification of epileptic seizures. The

results presented in Table 7.3 shows the comparison results of previously pro-

posed methods with the proposed cross-database evaluation results and com-

parison was performed database wise. WPT based CSI showed the highest

sensitivity of 90.5% from 14 patients [102]. Statistical features extracted from

DWT coefficients have achieved an accuracy of 83.07% and 88.00% using

the Bern-Barcelona dataset and UBonn databases respectively using the SVM

classifier [42]. The fractal dimension and harmonic WPT feature-based model

using the RVM classifier showed a sensitivity of 96.0% and 99.8% using the

CHB-MIT and UBonn EEG databases respectively [122]. DSTFT based ap-

proach yielded a classification accuracy of 98.1% using MLP classifier.

The MDM FBC method showed an AUC of 0.93 using the CHB-MIT

database [103] and 0.96 using the MUMC database [20]. The AUC of 0.92,

0.93, and 0.93 was achieved for neonatal, adult and combined dataset respec-

tively [84]. Further, the ANFSV FBC method was implemented on 103 fea-

tures using the MUMC database which showed the AUC of 0.92 [179]. Sim-

ilarly, our previous study on the MUMC database using SDI feature showed

the highest AUC of 0.98 with the help of the AM-FBC method [196]. How-

ever, in our present cross-database study using MUMC database, the highest

AUC of 0.95 only achieved due to the different training data. A Kalman filter

was applied to the SVM classifier output for post-processing, which improved
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the classification results in [20, 84, 179]. In [180, 181, 196], improved perfor-

mance was observed when a MAF was used for post-processing. In our pre-

vious study using the RMCH database [197], the highest accuracy of 98.44%

was obtained using maximal overlap discrete wavelet transform (MODWT)

based sigmoid entropy, but present cross-database approach showed even bet-

ter performance on the same database due to the larger training dataset. The

SDI and MD features have shown better performance using the RMCH, CHB-

MIT, MUMC databases with leave-one-subject-out cross-validation when the

algorithm was trained and tested on same database [89, 182, 196]. One can

observe that the larger feature set have been used for classification of epileptic

seizures in [20, 28, 82, 84, 88, 179, 180, 181], which could result in computa-

tional complexity.

7.4.4 Clinical significance

One of the challenges in designing the automated seizure detection algorithms

is lack of annotated seizures EEG data. The algorithm proposed in our study

combines EEG from five different databases and compensates for the feature

distribution variation. Our results demonstrate that the new EEG recordings

from same and/or different database can be validated without spending much

time on designing a new algorithm. Hence, it is cost effective in terms of

designing the new algorithm and speed up the treatment procedure.

7.4.5 Significant findings of the study

The significant findings and contributions of cross-database evaluation are

summarized as follows:
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TABLE 7.3: Comparison between the state of the art seizure detection algorithms
and cross-database approach

EEG
database

Number
of subjects

Duration
of EEG (h)

Number of
seizures Author Feature extraction FBC Classifier Post-

processing Results

CHB-MIT 23 884 182 [122]
Harmonic wavelet packet
transform fractal dimension,
spatial and temporal features

No RVM No S+= 96.0%

[103] Line length MDM Threshold No AUC=0.93

[126] Fuzzy entropy No SVM No
S+=98.27%
A= 98.31%

[88] Wavelet based features No SVM No S+=94.24%
[182] SDI No SVM No S+=97.28%

TUH 316 408 222 [19] MVMFZ No Threshold No S+=94.0%
[182] SDI No SVM No S+=95.80%

UBonn 5 3.24 100 [80] Entropies No
Fuzzy
classifier No A=99.00%

[82]
Optimal orthogonal wavelet
based features No LS-SVM No A=100%

[198] Weighted complex networks No SVM No A=100%

[21]
Wavelet packet transform
based log energy entropy No REN No A=99.70%

[118] DSTFT No MLP No A=99.80%
RMCH 115 58 162 [89] MD No SVM No A=97.56%

[182] SDI No SVM No S+=97.53%

[83]
DWT based sigmoid
entropy No SVM No S+=96.34%

[197]
MODWT based sigmoid
entropy No SVM No A= 98.44%

MUMC
39 term and
pre-term
new born

25 360 [179] 103 features ANSFV SVM
Kalman
filter AUC=0.90

MUMC
17 ICU
patients 4018 1362 [20] 103 features MDM SVM

Kalman
filter AUC=0.96

MUMC
39 neonatal
39 adults 613 348981 [84] 103 features ANSFV SVM

Kalman
filter AUC=0.93

MUMC
21 ICU
patients 21 12732 [196]

SDI
and MD AM-FBC SVM MAF

AUC=0.96 (SDI)
AUC=0.98 (MD)

Neonatal Intensive
Care Unit
(NICU) of Cork
University
Maternity Hospital,
Cork, Ireland

17 new borns 267 705 [181] 55 features No SVM
Central
linear MAF S+=89%

[180] 55 features No SVM MAF AUC=0.71
National Society of
Epilepsy (UK),
Katholieke Universiteit
Leuven (Belgium),
and Freiburg
University Hospital
(Germany).

24 adults 172 47 [178]
DWT based
Relative power

Norma-
lization Threshold

Bitwise
logical
OR
operator

AUC = 0.83

Proposed
RMCH 115 58 162

SDI and MD AM-FBC SVM MAF

AUC=1
CHB-MIT 23 884 182 AUC=0.89
TUH 316 408 222 AUC=0.99

MUMC
40 ICU
patients 21 12733 AUC=0.95

UBonn 5 3.24 1004 AUC=0.99
1 34898 Feature vectors derived from 10s epoch, 21373 seizure epochs of 10 s duration, 31273 seizure events, 4100 seizures file each of 23.36 s duration, A= Accuracy

1. This is the first study reporting cross-database evaluation for automated

classification of epileptic seizures.

2. The S+ and S− of 0 was obtained for the RMCH and UBonn databases

respectively without the application of AM-FBC.
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3. AM-FBC on inter-patient and inter-database level proved its need to per-

form the cross-database evaluation.

4. AM-FBC along with smoothing of the test data outperformed other CS

on all the five databases.

7.4.6 Future direction

As a future study, a deep learning technique will be implemented on these five

databases to perform the cross-database evaluation. The classification results

could be further improved by adding a few significant features and optimizing

the algorithm. The proposed study will be validated on new EEG databases

to improve the algorithm performance. Mixing the whole data could be an in-

teresting future task to improve the generalization of the algorithm. Further, a

mobile-based seizure alert system will be introduced using the proposed cross-

database evaluation algorithm.

7.5 Conclusion

To the best of authors knowledge, we are the first to present a cross-database

evaluation for automated classification of epileptic seizures. Inter-subject and

inter-database variation in the feature distribution was corrected using AM-

FBC. With the application of AM-FBC, smoothing, and post-processing, the

highest AUC of 1, 0.89, 0.99, 0.95, and 0.99 was achieved using the RMCH,

CHB-MIT, TUH, MUMC, and UBonn databases respectively. AM-FBC along

with smoothing of the test data outperformed other CS. It can be concluded

that the cross-database approach has better generalization capability when
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evaluated using five databases. Finally, cross-database framework helps when

sufficient epileptic seizures EEG data is not available to build a seizure detec-

tion model.
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Appendix A. Successive decomposition index

Defining the EEG time series x = {x1, x2, x3, x4, ......, xn}, where n is the

total number of the EEG samples in the time series x or segmentation length

(n = f s ∗ s). First, to define SDI coefficients, we define two terms X+ and

X−, which are average of |x| and difference average of x respectively. The

first coefficient X+ is given by [182],

X+ =
1
n

n

∑
i=1
|xi| (7.6)

The second coefficient X− was calculated by the iterative process by ar-

ranging the EEG samples into n/2 non-overlap pairs that give first level (x(1))
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coefficients, as shown below [182],

x(1) =
{

x1 − x2

2
,

x3 − x4

2
....,

xn−3 − xn−2

2
,

xn−1 − xn

2

}
(7.7)

Zeros can be padded towards the end of the x, if n is not a power of 2. After

decomposition, x(1) of length n/2 (n is updated in each level) is represented

as [182],

x(1) = {x(1)1 , x(1)2 , ......, x(1)n/2−1, x(1)n/2} (7.8)

It can be further simplified as follows,

XL
i =

(
xL

2i−1 − xL
2i

)
/2 (7.9)

The coefficient obtained in the last level (L = 3.33log10(n)) of decomposition

considered as X−.

Now, our goal is to define two new terms X++, and X−− as follows [182],

X++ =
X+ + X−

2
(7.10)

X−− =
X+ − X−

2
(7.11)

The square matrix A was formed using the four coefficients X+, X−, X++,

and X−− as follows [182],

A =

 X+ X−−

X− X++

 (7.12)
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Our previous study [89] showed that the determinant of a square matrix

can be used for a biomarker to detect seizure activities. Therefore, determinant

[64] of the square matrix A was used to calculate a SDI feature [182].

SDI = log10

(n
L
(X+X++ − X−X−−)

)
(7.13)

The term n/L is a scalar parameter. Our previous study [182] showed that

SDI better tracks the seizure activity in EEG along with the amplitudes of the

EEG samples.

Appendix B. Matrix determinant

Recently, we have shown that MD can be used as a biomarker for classification

of epileptic seizures [89, 196].

Initially, the EEG time series were arranged sequentially to form a square

matrix with the total elements in the square matrix represent a segmentation

length. Let the EEG time series be x = {x1, x2, x3, x4, ......, xn} and apply

absolute square i.e. x = |x|2.

Now, define the square matrix with an order of N(N = r = c) and se-

quentially arrange x into matrix form as follows [89],

A =



x1 x2 .. xr

xr+1 xr+2 .. xr+r

x2r+1 x2r+2 .. x2r+r

. . .. .

x(r−1)r+1 x(r−1)r+2 .. x(r−1)r+r


(7.14)
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The MD feature was calculated as follows [89],

MD = log10 |A| (7.15)

In our study, we have used a square matrix with an order of 32 to estimate

the MD feature. In our previous studies [89, 182, 196], the MD feature was

applied on RMCH, UBonn, and MUMC databases and has shown better clas-

sification results.

Appendix C. Inter-database FBC

The procedure to correct the feature baseline among databases is given here.

1. Consider the features of all the databases f (DB1, DB2, ...., DBn) from

the training data. Here, DB1, DB2 are databases and f is a feature.

2. Calculate the f (Medianseizure) and f (Mediannon−seizure) of all the train-

ing databases using seizure and non-seizure features respectively. The

length of the f (Medianseizure) and f (Mediannon−seizure) equals the

number of databases.

3. Estimate global median ( f (Medianglobal)) using median values of seizure

and non-seizure features.

f (Medianglobal) = Median{ f (Medianseizure) f (Mediannon−seizure)}

(7.16)

4. Now estimate the median of a single database f (MedianDBi), where

i = 1, 2, 3, ..., n databases.
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5. Now calculate the adaptive median coefficient (λ) using f (Medianglobal)

and f (MedianDBi).

λ = f (Medianglobal)− f (MedianDBi) (7.17)

6. Now correct the feature baseline of DBi using λ as follows:

f newi = λ + f DBi (7.18)

7. Repeat step 4 to step 6 for all the training databases (n− 1).

8. Repeat step 4 to step 6 for the testing database using the f (Medianglobal)

calculated from the training database.

The λ can be either negative or positive depends on the inter-subject me-

dian variation. The AM-FBC should be applied individually to each feature.
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Abstract

Epileptic seizures are caused by a disturbance in the electrical activity of the

brain and classified as many different types of epileptic seizures based on the

characteristics of EEG and other parameters. Till now research has been con-

ducted to classify EEG as seizure and non-seizures, but the classification of

seizure types has not been explored. Thus, in this paper, we have proposed

the 8-class classification problem in order to classify different seizure types

using convolutional neural networks (CNN). This research study suggests a

CNN based framework for classification of epileptic seizure types that include

simple partial, complex partial, focal non-specific, generalized non-specific,

absence, tonic, and tonic-clonic, and non-seizures. EEG time series was con-

verted into spectrogram stacks and used as input for CNN. To the best of au-

thors knowledge, ours is the very first study that classified the seizures types

using the computational algorithm. The four CNN models, namely AlexNet,

VGG16, VGG19, and basic CNN model was applied to study the performance

of 8-class classification problem. The proposed study showed a classification

accuracy of 84.06%, 79.71%, 76.81%, and 82.14% using AlexNet, VGG16,

VGG19 and basic CNN models respectively. The experimental results suggest

that the proposed framework could be helpful to the neurology community for

recognition of seizures types.
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8.1 Introduction

Epileptic seizures are caused by a disturbance in the electrical activity of the

brain and there are many different types of epileptic seizure [13, 14]. Epilep-

tic seizures are divided into focal seizures, generalized seizures, and unknown

seizures depending on how and where they begin in the brain. Focal seizures

can start in one area or group of cells on one side of the brain. Depending

on a person’s level of awareness during their seizures focal seizures are again

classified as simple partial and complex partial seizures [15, 16]. General-

ized seizures affect both sides of the brain or groups of cells on both sides of

the brain at the same time [13]. Generalized seizures are again divided into

absence, tonic, atonic, clonic, tonic-clonic, myoclonic seizures. Generalized

seizures are classified based on motor symptoms and non-motor symptoms

that involve movement [13, 15, 16]. Motor symptoms include jerking move-

ments (clonic), muscles becoming tense or rigid (tonic), muscles becoming

weak or limp (atonic), and brief muscle twitching (myoclonic) [13, 15, 16].

When the beginning and where the seizure starts is not known is referred to as

unknown seizures [15, 16]. As such, seizure classification has been done based

on motor symptoms, level of awareness and electroencephalogram (EEG) sig-

nals. In this study, we have classified seizures types using EEG alone without

using motor symptoms, level of awareness and video EEG.

Locating epileptic activity in a continuous EEG recording lasting several

days or weeks is exhausting, demanding and time-consuming task. Special

attention is required to develop computer-aided algorithms to recognize and

classify seizure types. Such automated procedure will help the neurologist to
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enhance their clinical decisions.

A limited number of studies have been conducted on seizure detection

using convolutional neural networks (CNN). Short-time Fourier transforms

(STFT) based images were classified using CNN for prediction of seizures us-

ing intracranial and scalp EEG [199]. This study achieved the sensitivity of

81.4%, 81.2%, 82.3% on three different datasets. Pyramidal 1-dimensional

CNN was used for binary classification of seizure vs. non-seizure and normal

vs. ictal using University of Bonn database [200]. Classification of seizure

and non-seizure using deep neural networks showed an F-measure accuracy

of 95% [201]. Real-time seizure detection using video-EEG recordings and

CNN showed the area under the curve of 78.33% [202]. A threshold based

automated detection of epileptic seizures using minimum variance modified

fuzzy entropy achieved 100% accuracy [19]. Classification of focal and non-

focal EEG signals showed good results using multi-features when classified

using support vector machine classifier [25, 65]. Further, many studies have

proposed using log energy and norm entropy [21], matrix determinant [89]

and other methods.

Acharya et al. [203] proposed 13-layer deep CNN and accuracy of 88.67%

showed using University of Bonn database EEG recordings. CNN model was

used to distinguish ictal, preictal, and interictal segments using Freiburg (accu-

racy of 96.70%) and CHB-MIT (accuracy of 97.50 %) databases [56]. Robust

features were learned by images based representation of EEG spectrogram

in three frequency bands (0-7,7-14, and 14-49 Hz) for seizure detection [204].

Optimized deep learning for EEG big data was proposed for seizure prediction

using the Internet of Things [205]. Deep CNN architecture on TUH databases
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showed the sensitivity of 30.83% and specificity of 96.86% [206]. Application

of CNN for four-class motor imagery classification have shown 68% accuracy

[207]. It can be inferred from the literature that no studies have been proposed

for classification of seizure types. This research study suggests a CNN based

framework for classifying the EEG derived seizure types with 8-class pattern

classification.

8.2 Methodology

8.2.1 EEG recordings

The proposed study was implemented on the EEG collected from Temple Uni-

versity Hospital database [114]. These EEG recordings were recorded accord-

ing to 10-20 International system electrode placement and a sampling rate of

250 Hz. The recordings consist following 19 unipolar channels EEG: Fp1,

Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7, P3, Pz, P4, P8, O1, and

O2. The TUH database is annotated with different types of seizures based on

following three manifestations: Electrographic, Electroclinical, and Clinical.

The database consists of simple partial seizure (SP), complex partial seizure

(CP), focal non-specific seizure (FN), generalized non-specific seizure (GN),

absence seizure (AB), tonic seizure (TN), and tonic-clonic seizure (TC). The

complete details of the database used in the study are summarized in Table 8.1.

The remaining EEG files were considered as non-seizure (NS) events which

was already labeled. Remember not all the NS events were considered for

study due to the imbalance data challenge of CNN. In total, 31 hours of EEG

data from 239 subjects were considered for the study.
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TABLE 8.1: Database information

Seizure Type Number of patients Seizure Events Duration (s)

SPa 8 48 2580.41
CPa 31 196 11726.68
FNb 47 440 22868.44
GNb 55 110 8960.49
ABa 13 39 2076.55
TNa 12 17 1180.135
TCa 8 20 551.63
NSa 65 310c 59509.35

a Manifestation: Electroclinical
b Manifestation: Electrographic
c Number of Non Seizure events

8.2.2 Preprocessing

The primary requirement of CNN is 2-dimensional inputs, thus EEG time se-

ries were converted into image shape by taking STFT. In order to avoid the

insignificant information at the high beta band, bandpass filter with a range

of 0.1 to 44 Hz was applied to EEG time series. Further, the spectrogram

of the EEG was computed using a Kaiser window of length 63 with a shape

parameter of 1, 75% overlapping, and an FFT length of 256. Finally, the spec-

trogram of all the 19 channels was vertically concatenated to form the final

image (refer to Fig.8.1A). In order to overcome the imbalance dataset chal-

lenge of CNN, we have used an overlapping technique to generate balanced

samples for training phase [199].
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8.2.3 Convolutional neural network

Convolutional neural network (CNN) have gained attention due to its self-

feature learning capability and excellent classification results on extremely

multi-class problems. In CNN, each convolution block consists of a convo-

lution layer (Conv) with rectified linear unit (ReLU) activation function, pool-

ing layer (pool) and batch normalization. In this study, three pretrained CNN

models (AlexNet [208], VGG16 [209], and VGG19 [209]) and basic CNN

models was applied to solve 8-class problem. Using the transfer learning ap-

proach, the pretrained models were retrained for our dataset by replacing the

final layers [210].

The dimension of the final spectrogram image was 420 x 560 which was

the same used for our network. For pretrained models, images were rescaled

to 227 x 227, 224 x 224 and 224 x 224 for AlexNet, VGG16, and VGG19

CNN respectively. The generalized CNN architecture for the proposed study

is shown in Fig. 8.1. One can refer to [209, 211] for detailed information on

VGG16 and VGG19 network configuration. Basic CNN model was formed

using three Conv blocks followed by a fully connected layer and an output

layer. Each block consists of a batch normalization, a Conv layer with ReLU

activation function, and a max pooling layer. All the CNN models were trained

using stochastic gradient descent with momentum optimizer using 70% of im-

ages (70% of total seizures). The remaining 30% of the images (30% of total

seizures) were used for the validation of trained CNN model. The learning rate

was varied as 0.001, 0.0001, and 0.00001 during the training phase and best

results were reported. The performance of the study was evaluated in terms of

classification accuracy.
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FIGURE 8.1: Generalized CNN architecture used in the study. The illustrations A
and C were common for all the four CNN models and B was varied as AlexNet,
VGG16, and VGG19, and basic CNN. A Generation of spectrogram stack and con-
catenated the 19 channel spectrogram to generate a single image. B This illustrates
the AlexNet CNN configuration of the proposed study. For other CNN models, B
was replaced by VGG16, and VGG19, and basic network. C It consists of fully

connected layer (fc), softmax activation function followed by output layer.

8.3 Results and Discussion

The spectrogram stack was created using multichannel EEG as described in

Fig. 8.1. The balanced dataset was created using an overlapping technique

to overcome imbalance dataset challenge. CNN was trained and tested us-

ing 70% and 30% of the images respectively. CNN evaluation results using
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FIGURE 8.2: AlexNet CNN architecture evaluation during training and validation
phase in terms of accuracy and loss.

AlexNet is shown in Fig. 8.2. We observe that highest training and testing ac-

curacy was 89.12% and 84.02% respectively. Further, CNN parameters were

tuned in terms of learning rate and momentum for best performance. Fig. 8.2

shows classification accuracy as a function of momentum. It can be seen that

highest classification results of 84.06% 79.71%, 76.81%, and 82.14% were

obtained for AlexNet, VGG16, VGG19, and basic CNN models respectively

for the momentum of 0.95.

Table 8.2 summarizes the classification results obtained using different

CNN models. The classification results were observed for different learn-

ing rates. The proposed study shows highest classification results of 84.06%

(AlexNet) 79.71% (VGG16), 76.81% (VGG19), and 82.14% (basic CNN )

with learning rate of 0.0001, 0.0001, 0.00001 and 0.001 respectively. With the

less training duration, AlexNet CNN showed better performance as compared

to other three CNN models. AlexNet, VGG16, and VGG19 showed the least
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performance when CNN was trained with a learning rate of 0.001. However,

with the same learning rate, basic CNN showed the best performance against

other learning rates. The number of epochs and iterations taken by basic CNN

were more as compared to other CNN models. The VGG16 and VGG19 CNN

models were found to be expressive in terms of training time. Overall, AlexNet

CNN showed better performance with the accuracy of 84.06%.

The major contributions of the proposed study are:

1. Arrangement of spectrogram of multichannel EEG into a single image

(vertically concatenate) to gather the brain dynamics significant infor-

mation.

2. Generation of balanced dataset for CNN using overlapping technique.

3. Basic model outperformed as compared to the other optimized pretrained

models. It can be further improved for better results.

4. Notably, classification of seizure types alone using EEG without the aid

of video EEG and motor symptoms.

5. To the best of authors knowledge, it is the first study on epileptic seizures

EEG to solve the 8-class classification problem.

The experiment was conducted on MATLAB 2018a with Intel core i7

CPU@2.20GHz and single GPU for parallel computation. As a future score,

the experiment will be extended on complete TUH data to enhance the clas-

sification results. Further, other CNN models will be evaluated with different

filter size, batch size, and other network tuning parameters.
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FIGURE 8.3: Evaluation of all the four CNN models using momentum vs. accu-
racy.

8.4 Conclusion

In this study, we have performed the 8-class classification problem to classify

seizure types using CNN. In order to solve the problem, EEG time series were

converted into spectrogram stacks for CNN input. The experimental results

revealed the classification accuracy of 84.06%, 79.71%, 76.81%, and 82.14%

using AlexNet, VGG16, VGG19 and basic CNN models respectively. To the

best of authors knowledge, the proposed study is first of its kind to solve clas-

sification of seizure types using EEG alone.
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TABLE 8.2: Classification results using different CNN models

CNN model Accuracy
(%)

Training
time (s) Epochs Iterations Learning

rate

11.12 10 2 21 0.001
AlexNet 84.06 51 8 114 0.0001

78.26 67 10 147 0.00001

VGG16
11.36 6 3 16 0.001
79.71 109 5 78 0.0001
76.36 226 12 195 0.00001

VGG19
10.14 24 2 18 0.001
72.46 101 5 75 0.0001
76.81 234 11 174 0.00001

Basic CNN
82.14 43 20 270 0.001
78.37 87 39 540 0.0001
75.17 94 30 650 0.00001
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Abstract

Recognition of epileptic seizure type is essential for the neurosurgeon to un-

derstand the cortical connectivity of the brain. Though automated early recog-

nition of seizures from normal electroencephalogram (EEG) was existing, no

attempts have been made towards the classification of variants of seizures.

Therefore, this study attempts to classify seven variants of seizures with non-

seizure EEG through the application of convolutional neural networks (CNN)

and transfer learning by making use of the Temple University Hospital EEG

corpus. The objective of our study is to perform a multi-class classification

of epileptic seizure type, which includes simple partial, complex partial, fo-

cal non-specific, generalized non-specific, absence, tonic, and tonic-clonic,

and non-seizures. The 19 channels EEG time series was converted into a

spectrogram stack before feeding as input to CNN. The following two dif-

ferent modalities were proposed using CNN: (1) Transfer learning using pre-

trained network, (2) Extract image features using pretrained network and clas-

sify using the support vector machine classifier. The following ten pretrained

networks were used to identify the optimal network for the proposed study:

Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet, Inceptionv3, Densenet201,

Resnet18, Resnet50, and Resnet101. The highest classification accuracy of

82.85% (using Googlenet) and 88.30% (using Inceptionv3) was achieved us-

ing transfer learning and extract image features approach respectively. Com-

parison results showed that CNN based approach outperformed conventional

feature and clustering based approaches. It can be concluded that the EEG
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based classification of seizure type using CNN model could be used in pre-

surgical evaluation for treating patients with epilepsy.

9.1 Introduction

Epileptic seizures are caused by a disturbance in the electrical activity of the

brain, which is classified into focal, generalized, and unknown [13, 14]. Accu-

rate classification of epileptic seizure type plays a crucial role in the treatment

and disease management of epilepsy patients [17]. Focal seizures start on

one side of the brain and depending on the patient level of awareness during a

seizure, it is again classified as simple partial and complex partial seizures [15,

16]. Generalized seizures affect both sides of the brain at the same time and

again divided into absence, tonic, atonic, clonic, and tonic-clonic, myoclonic

seizures [13]. Generalized seizures are classified based on motor symptoms

and non-motor symptoms that involve movement [13, 15, 16]. Motor symp-

toms include jerking movements (clonic), muscles becoming tense or rigid

(tonic), muscles becoming weak or limp (atonic), and brief muscle twitching

(myoclonic) [13, 15, 16]. Unknown seizures are the one when the beginning

and where the seizure starts is not known [15, 16].

Epileptic seizure type affects the choice of drugs and patient safety [17].

Most of the work reported in the literature focused on the application of ma-

chine learning towards automated seizure detection. There is a huge demand

to extend the application of machine learning especially convolution neural

networks (CNN) for multi-class seizure type classification. As we know that

manual inspection of long-term electroencephalogram (EEG) recordings, last-

ing several days or weeks is a time-consuming task. Special attention is
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required to develop an automated algorithm for classification of multi-class

seizure type. Therefore, in this study, we have classified seizure type using

EEG alone without using motor symptoms, level of awareness and video EEG.

Such automated procedure may help the neurological community to improve

clinical decision making and identify the optimal treatment for epilepsy pa-

tients.

The application of CNN towards the classification of epileptic seizures

have been implemented in recent studies [56, 199, 200, 201, 202, 203]. In a

recent study by Acharya et al. [203], a 13-layer deep CNN showed an accu-

racy of 88.67% using the University of Bonn database. Plot EEG image-based

study using CNN showed a true positive rate of 74.0% between seizure and

non-seizures EEG activities [212]. Seizure prediction using intracranial and

scalp electroencephalogram signals achieved a sensitivity of 81.4%, 81.2%,

and 75.0% using the Freiburg Hospital intracranial EEG dataset, the Boston

Children’s Hospital-MIT scalp EEG dataset, and the American Epilepsy So-

ciety seizure prediction challenge dataset respectively [213]. Neonatal seizure

detection using deep CNN with 26 neonates achieved the seizure detection

rate of 77.0% [214]. Signal transforms using empirical mode decomposition

and classification using CNN showed an accuracy of 98.9% when classify-

ing between focal and non-focal signals [215]. In the same study, an ac-

curacy of 99.5% for classifying non-seizure vs. seizure recordings, 96.5%

between healthy, non-focal and seizure recordings, 95.7% when classifying

healthy, focal and seizure recordings was obtained. A CNN based model

showed the highest accuracy of 96.7% and 97.5% using the Freiburg and CHB-

MIT databases respectively [56]. Another study using the University of Bonn
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database was proposed using pyramidal 1-dimensional CNN for binary clas-

sification of seizure vs. non-seizure and normal vs. ictal [200]. Similarly,

an F-measure of 95.0% was achieved between the classification of seizure

and non-seizure using deep neural networks [201]. Video-EEG recordings

were classified using CNN showed the area under the curve of 78.33% for

real-time seizure detection [202]. A recent study using machine learning for

7-class seizure type classification showed an F1 score of 0.907 without us-

ing non-seizure EEG signals [17]. The sensitivity of 30.83% and specificity

of 96.86% was achieved using deep CNN architecture on the TUH database

[206]. Seizure detection was performed using the robust features learned from

images based representation of EEG spectrogram in three frequency bands (0-

7,7-14, and 14-49 Hz) [204]. Internet of Things based optimized deep learning

for seizure prediction was proposed using EEG big data [205].

Adaptive structure of a multi-layer back-propagation network was pro-

posed for automatic epileptic seizure detection using five epilepsy patients

EEG data [216]. A reliable classifier architecture was obtained by applying

fast Fourier transform (FFT) and auto-regressive based features to wavelet

neural networks classifier [217]. A supervised multi-spiking neural network

architecture showed a classification accuracy in the range of 90.7%-94.8%

which was better than single-spiking neural network [218]. A continuous neu-

ral networks based model showed a maximum correct classification percentage

of 97.2% for two-class problem [219]. A review was given on recent super-

vised and unsupervised methods to train deep spiking neural networks and

compared them in terms of accuracy and computational cost [220].

Other than CNN, recent studies have focused on automated detection of
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epileptic seizures using different feature extraction methods and machine learn-

ing algorithms. The features like log energy and norm entropy [21, 25, 37,

65], sigmoid entropy [83], matrix determinant [89], approximation entropy

[27], sample and phase entropy [80], and permutation entropy [125] have been

explored for seizure detection. Multi-features based classification of focal

and non-focal EEG signals was performed using the support vector machine

(SVM) classifier [25, 65]. Optimal configuration of multi-layer perceptron

was performed using different transfer functions, training functions and mean

square error for classification of epileptic seizures [66].

It is clear from the literature that no successful studies (in terms of classifi-

cation results) have been proposed for the classification of multi-class seizure

type in the presence of non-seizure EEG signals. Therefore, this study sug-

gests a CNN based framework using transfer learning and extract image fea-

tures using pretrained networks for classifying the EEG derived seizure type.

To the best of the author’s knowledge, this is the first of its kind study using

deep learning for classification of multi-class seizure type.

9.2 Methodology

9.2.1 EEG recordings

The multi-class seizure type classification was implemented using the EEG

signals collected from the Temple University Hospital (TUH) open-source

database [113]. This scalp EEG signal recordings were recorded according

to the International 10-20 system electrode placement at a sampling rate of

250 Hz. The TUH database consists of simple partial seizure (SP), complex
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TABLE 9.1: EEG database details used for the proposed study.

Seizure Type Description Number of
patients

Seizure
events Duration (h)

SPa Partial seizures during consciousness;
Type specified by clinical signs only 18 63 1.2

CPa Partial seizures during unconsciousness;
Type specified by clinical signs only 31 210 8.2

FNb Focal seizures which cannot be specified
by its type 63 542 22.56

GNb Generalized seizures which cannot be
further classified into one of the groups below 75 231 12.5

ABa
Absence discharges observed on EEG;
the patient loses consciousness for a few seconds
(Petit Mal)

21 63 1.3

TNa Stiffening of the body during a seizure
(EEG effects disappears) 19 29 1.3

TCa At first stiffening and then jerking of the body
(Grand Mal) 15 25 0.8

NSa EEG without any type of seizure events 110 540c 35.6

Manifestation: aElectroclinical, bElectrographic and cNumber of Non-seizure events

partial seizure (CP), focal non-specific seizure (FN), generalized non-specific

seizure (GN), absence seizure (AB), tonic seizure (TN), tonic-clonic seizure

(TC), and myoclonic seizures. In our study, we ignore the myclonic seizures

because of its very low count. The recordings consist of following 19 unipolar

channels EEG: Fp1, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7, P3, Pz,

P4, P8, O1, and O2. The EEG recordings were annotated with different type of

seizures based on Electrographic, Electroclinical, and Clinical manifestations

[114]. The description of the TUH database used in the study is summarized

in Table 9.1. The EEG files other than seizure type labels were considered

as non-seizure (NS) and not all the NS events were considered for the study

due to the imbalance data challenge of CNN. For the experiment, 83.46 hours

of EEG data from 352 subjects were considered for the study. The subjects

suffering from more than one type of seizures were excluded from the study.
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9.2.2 Preprocessing

The EEG signals were passed through a bandpass filter with a cut-off fre-

quency of 0.1 to 44 Hz. Since CNN expects 2-dimensional input for its anal-

ysis, the EEG signals were converted into an image using short-time Fourier

transforms (STFT). The following specifications were set to compute the STFT:

Kaiser window of length 63 with a shape parameter of 1, 75% overlap, and an

FFT length of 256. The spectrogram of all the 19 channels was vertically

concatenated to form the final image (refer to Figs. 9.1 & 9.2). In order to

overcome the imbalance dataset challenge of CNN, we have used an overlap

technique to produce balanced samples or images for the training phase [199].

9.2.3 Convolutional neural network

CNN has been found to be an ideal for image-based classification due to its

self-feature learning capability and excellent classification results on multi-

class classification problems. A CNN consists of a convolution layer (Conv)

with rectified linear unit (ReLU) activation function, pooling layer (Pool) and

batch normalization. Further, at the final layers, it consists of fully con-

nected (fc), drop out, softmax and classification output layers. Conv layer

have filters which detects different patterns in image (spectrogram) such as

edges, shapes, textures, and objects. In this study, ten pretrained CNN mod-

els, namely Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet, Inceptionv3,

Densenet201, Resnet18, Resnet50, and Resnet101 were used to identify the

best model for the proposed 8-class problem [208, 209, 221]. The proposed
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method was evaluated using the following two methods: (1) Transfer learning

using pretrained network, (2) Extract image features using pretrained network.

9.2.3.1 Transfer learning using pretrained network

Transfer learning is the process of taking a pretrained deep learning network

and fine-tuning it to learn a new task [210]. Fig. 9.1 shows the flow of

the multi-class seizure type classification based on the transfer learning using

pretrained network. Transfer learning was performed by using the following

steps:

1. Create the spectrogram image data using EEG signals.

2. Choose a pretrained network.

3. Replace the final layers with new layers adapted to the new data set.

4. Specify the new number of classes (in our study 8-class) in training im-

ages.

5. Resize images, specify training options (Solver name or training op-

tions, initial learning rate, number of epochs, mini-batch size, validation

data, and validation frequency) and train the network.

6. Test trained network by classifying test or validation images.

Table 9.2 shows ten different pretrained networks used for the study [221]

along with network depth, number of layers, required image input size, and

final three layers replaced for the each pretrained networks. In order to iden-

tify the suitable model, the learning rate (LR) was varied as 1e-3, 1e-4, 1e-5
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FIGURE 9.1: Flow of the multi-class seizure type classification based on transfer
learning using pretrained network. Stage 1: Generation of spectrogram stack and
concatenated the 19 channels spectrogram to generate a single image. Stage 2:
Load the pretrained networks and replace the final three layers for 8-class classifi-
cation. Stage 3: Train the network using spectrogram data (70%) and test with the

remaining data (30%).

and 1e-6 and three solvers were used, namely stochastic gradient descent with

momentum (sgdm), root mean square propagation (rmsprop), and adaptive

moment estimation (adam) optimizer.

9.2.3.2 Extract image features using pretrained network

In this method, we have used a pretrained network as a feature extractor by

using the layer activation’s as features and classified using the SVM classifier

[222]. Feature extraction is the easiest and fastest way to use the representa-

tional power of pretrained deep networks because it only requires a single pass
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TABLE 9.2: Different pretrained networks used for the study.

Pretrained
network Depth Number of

layers
Image input
size

Final three layers
replaced

Alexnet 8 25 227 x 227 fc8, prob, output
Vgg16 16 41 224 x 224 fc8, prob, output
Vgg19 19 47 224 x 224 fc8, prob, output

Squeezenet 18 68 227 x 227
pool10, prob,
ClassificationLayer_predictions

Googlenet 22 144 224 x 224 loss3-classifier, prob, output

Inceptionv3 48 316 299 x 299
predictions, predictions_softmax,
ClassificationLayer_predictions

Densenet201 201 709 224 x 224
fc1000, fc1000_softmax,
ClassificationLayer_fc1000

Resnet18 18 72 224 x 224
fc1000, prob,
ClassificationLayer_predictions

Resnet50 50 177 224 x 224
fc1000, fc1000_softmax,
ClassificationLayer_fc1000

Resnet101 101 347 224 x 224
fc1000, prob,
ClassificationLayer_predictions

through the data. The flow of extract image features using pretrained network

approach is depicted in Fig. 9.2. In this method, features were extracted from

all the layers and classified using the SVM classifier for all the ten pretrained

networks [222]. In pretrained networks, deeper layers contain higher-level

features, which are constructed using the lower-level features of earlier layers

[222, 223]. Further, earlier layers typically extract fewer, shallower features,

have the higher spatial resolution, and a larger total number of activation’s

[222, 223].

9.2.4 Classification methodology

In both the methods, the dataset was divided into 70% and 30% for training

and testing phase respectively. The SVM classifier was trained using a radial
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FIGURE 9.2: Flow of the multi-class seizure type classification based on extract
image features using pretrained network. Stage 1: Generation of spectrogram stack
and concatenated the 19 channel spectrogram to generate a single image. Stage 2:
Load the pretrained networks and extract the image features from specified layers.
Stage 3: Train the SVM classifier using features extracted from layers and test the

SVM model using the features extracted from the test images.

basis kernel function. The performance of the model was assessed using clas-

sification accuracy. The experiment was repeated for 10 times and average

results were reported.
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9.3 Results

In this section, we discuss the classification results obtained using both transfer

learning and extract image features approach. Fig. 9.3 depicts the classifica-

tion accuracy obtained using transfer learning approach. The experiment was

conducted using different solvers and LR. The highest accuracy of 77.66%

(LR=1e-4), 76.60% (LR=1e-5), 74.47% (LR=1e-4) was achieved using sgdm,

rmsprop, and adam solvers respectively using Alexnet model. The rmsprop

using LR of 1e-5 showed the highest accuracy of 67.02% and 65.96% using

Vgg16 and Vgg19 respectively. Squeezenet outperformed with LR of 1e-4

against other LR’s using all the three solvers. Googlenet showed the high-

est accuracy of 74.74% (LR=1e-3), 78.72% (LR=1e-4), and 82.85% (LR=1e-

4) using sgdm, rmsprop, and adam solvers respectively. Inceptionv3 net-

work with LR of 1e-3 achieved the highest accuracy of 71.28%, 70.21%, and

68.21% using sgdm, rmsprop, and adam solvers respectively. Densenet201

network with LR of 1e-4 using adam solver showed the highest accuracy of

75.53%. For Resnet50 and Resnet101, LR of 1e-3 outperformed other LR’s

using all the three solvers and Resnet18 using rmsprop and LR of 77.66%

showed the highest accuracy. Overall, LR of 1e-4 performed better in most

of the solvers and pretrained networks. Finally, Googlenet showed the highest

accuracy of 82.85% using LR of 1e-4 and adam solver.

Fig. 9.4 shows the predictions and their probabilities in descending order

obtained using Googlenet. As it can be seen, TN and TC seizure type pre-

diction probabilities are high as compared to other types prediction. Fig. 9.5
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FIGURE 9.3: Classification accuracy obtained for transfer learning using pretrained
network approach. The results are grouped solver wise for each pretrained network.

depicts the validation images with predicted labels and predicted probabili-

ties using Googlenet. Predicted probability shows how well probability of an

event (seizure type) is calculated from available data. The seizure types AB,

FN, GN, CP, and SP showed the prediction probabilities greater than 80%.

Fig. 9.6 depicts the classification accuracy obtained using the extract im-

age features approach. The image features were extracted from every layer

and classified using the SVM classifier. As it can be observed, the classifica-

tion accuracy gets improved in deeper layers of the pretrained networks due to

higher-level features. However, the performance of the Densenet201 (refer to

Fig. 9.6g) started fluctuating in deeper layer features. In contrary, Squeezenet

and Googlenet (refer to Figs. 9.6d & e) did not show better performance in

earlier layers. The remaining pretrained networks were capable of maintain-

ing the less fluctuating accuracy in deeper layers features. The highest clas-

sification accuracy of 76.60%, 83.83%, 81.82%, 85.11%, 74.47%, 88.30%,

85.11%, 86.17%, 86.17%, and 87.23% was achieved using features extracted
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FIGURE 9.4: Seizure type predictions and their probabilities obtained using
Googlenet. SP-Simple partial seizure, CP- Complex partial seizure, FN- Focal
non-specific seizure, GN- Generalized non-specific seizure, AB- Absence seizure,

TN- Tonic seizure, TC- Tonic-clonic seizure, and NS- Non-seizure.

TN, 63.2% AB, 84.5% NS, 69.2%

FN, 64.3% FN, 96% GN, 99.8%

CP, 81% NS, 88.4% SP, 84.1%

FIGURE 9.5: Validation images with predicted labels and predicted probabilities
using Googlenet. The text written on top of the images are predicted labels and pre-
dicted probabilities. SP-Simple partial seizure, CP- Complex partial seizure, FN-
Focal non-specific seizure, GN- Generalized non-specific seizure, AB- Absence

seizure, TN- Tonic seizure, and NS- Non seizure.

from Alexnet (layers 13 to 16), Vgg16 (layers 32 and 34), Vgg19 (layer 39),

Squeezenet (layer 59), Googlenet (layer 56), Inceptionv3 (layers 37, 41, and
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FIGURE 9.6: Classification accuracy obtained for extract image features approach.
The accuracy was plotted for each layer (along x-axis) for each pretrained network.

58), Densenet201 (layer 236), Resnet18 (layers 30 and 31), Resnet50 (layer

56), and Resnet101 (layers 101, 102, 105) networks respectively. Table 9.3

shows the highest classification accuracy obtained using the extract image fea-

tures approach. Overall, ReLU layer showed the highest accuracy in most of

the pretrained networks as compared to other layers. Finally, the highest clas-

sification accuracy of 82.85% (Googlenet using LR of 1e-4 and adam solver)

and 88.30% (Inceptionv3 in layers 37, 41, and 58) was achieved using transfer

learning and extract image features approach respectively.

9.4 Discussion

In this study, CNN was implemented successfully using scalp EEG for auto-

mated multi-class seizure type classification. The study was conducted using
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TABLE 9.3: The highest classification accuracy obtained for extract image features
using the pretrained network approach.

Pretrained
network

Highest
accuracy (%) Layer number Layer name

Alexnet 76.76 13 to 16 ReLU, Conv, ReLU, and Pool
Vgg16 83.33 32, 34 Pool and ReLU
Vgg19 81.82 39 fc
Squeezenet 85.11 59 ReLU
Googlenet 74.47 56 ReLU
Inceptionv3 88.30 37, 41, 58 Normalization, ReLU, and Normalization
Densenet201 85.11 236 ReLU
Resnet18 86.17 30, 31 Conv, and normalization
Resnet50 86.17 56 Conv
Resnet101 86.27 101, 102, 105 ReLU, Conv, and Conv

transfer learning and extract image features approach using ten pretrained net-

works. Both the approaches performed better for 8-class classification prob-

lem. We have performed a comparison between both the methods to identify

the ideal model for seizure type classification. The best results from each pre-

trained network were taken into consideration for comparison. The best ac-

curacy (using different solver and LR) of 77.66%, 69.15%, 65.96%, 69.15%,

82.85%, 71.28%, 75.53%, 77.66%, 72.34%, and 69.15% using Alexnet, Vgg16,

Vgg19, Squeezenet, Googlenet, Inceptionv3, Densenet201, Resnet18, Resnet50,

and Resnet101 pretrained networks respectively was taken into consideration

for transfer learning approach. Similarly, the highest classification accuracy

of 76.60%, 83.83%, 81.82%, 85.11%, 74.47%, 88.30%, 85.11%, 86.17%,

86.17%, and 87.23% using Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet,

Inceptionv3, Densenet201, Resnet18, Resnet50, and Resnet101 pretrained net-

works respectively were considered for extract image features approach. Fig.

9.7 shows the performance comparison between the results of transfer learn-

ing and extract image features using the pretrained network approach. Only for
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FIGURE 9.7: Performance comparison between Transfer learning and extract im-
age features approach using pretrained network. The highest results obtained in
each pretrained network was considered for comparison. p < 0.05(∗), p <

0.01(∗∗), p < 0.001(∗ ∗ ∗).

Alexnet and Googlenet, transfer learning approach outperformed image fea-

tures approach. Further, an accuracy obtained using extract image features for

Vgg16, Vgg19, Squeezenet, Inceptionv3, Densenet201, Resnet18, Resnet50,

and Resnet101 pretrained models outperformed transfer learning approach.

Fig. 9.8 reports the comparison between different LR’s in terms of number

of epochs, numbers iterations, computation time and classification accuracy

among all three solvers. We observe that the LR of 1e-3 exhibits less number

of epochs and iterations with less computation time and contrary to the results

obtained using LR of 1e-6. A similar observation was made for all the three

solvers: sgdm, rmsprop, and adam. Further, the highest classification accuracy

was obtained for LR of 1e-4 using all the three solvers. We found that all ten

pretrained networks showed similar observation.

Fig. 9.9 shows the comparison between the computation of taken for trans-

fer learning and extract image features approach for each pretrained network
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FIGURE 9.8: The comparison between different LR’s in terms of number of
epochs, numbers iterations, computation time and classification accuracy. The
number of epochs, iterations and computation time increases as the LR becomes

smaller.

in Matlab 2018a with a single GPU. Inceptionv3 has taken the highest com-

putation time using both approaches. It is clear from Fig. 9.9 that the com-

putation time required for extract image feature is high compared to the trans-

fer learning method. This is because in extract image feature approach the

SVM classification runs as many times of number of layers in the pretrained

network. If we fix the best layer (refer to Table 9.3) with respect to the high-

est classification accuracy, the computation times gradually comes below the

transfer learning approach. In case of inceptionv3 in layer 37, the computation

time required was 3.6 minutes which is lesser to transfer leaning approach (52

minutes) of same the pretrained network.

In order to compare the CNN based approach, we have applied two more

methods namely (1) Standard multilayer perceptron neural network (MLP-

NN) approach and (2) Clustering approach. In the first method, we have ap-

plied discrete wavelet transform (DWT) using Haar wavelet on EEG signals
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FIGURE 9.9: Comparison between the computation time taken for transfer learning
and extract image features approach for each pretrained network. The computation
time given for extract image features approach is the cumulative time for all the

layers of pretrained network used for the SVM classification.

till 5th level and extracted various features as reported in [42, 128, 129, 132].

The extracted DWT based features were classified using optimal MLP-NN as

reported in [66]. MLP-NN was trained with following configurations: 10 hid-

den neurons, two-layer feed-forward, tan-sigmoid at hidden layer, pure linear

at output layer, Levenberg-Marquardt as training function, maximum epochs

of 1000, learning rate of 0.01, and cross-entropy as cost function [66]. The

highest classification accuracy of 58.60% was obtained using the features ex-

tracted from 4th level DWT coefficients. Further, the same features showed

the highest classification accuracy of 60.63% using the SVM classifier us-

ing radial basis function (RBF) kernel. In SVM classifier, hyper-parameter

of RBF kernel was selected from the best parameters of sigma and box us-

ing Bayesian optimization method. In the second method, we have applied

k-means clustering using city block distance metric for the same DWT based
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features as reported in [11, 78]. From the silhouette plot, we observed few sil-

houette values were between -0.4 and 0.2 indicating that those clusters are not

well separated (those are belong to seizure types). The accuracy was evaluated

using results of clustering method and results with an expert’s label. The clas-

sification results showed the highest classification accuracy of 64.20% using

k-means clustering method. Therefore, it shows that CNN based supervised

learning approach is well suited than MLP-NN and clustering approach for the

proposed 8-class classification problem.

Since this is the first of its kind study of automated classification of multi-

class seizure type, exact comparison cannot be made. However, a recent study

by [17] showed an F1 score of 0.907 using machine learning for 7-class seizure

type classification. But, our study performed 8-class classification which is

better than reported in [17]. Using the TUH database, a minimum variance

modified fuzzy entropy obtained a sensitivity of 94.0% for classification of

normal and epileptic seizures. Similarly, in our previous study [182], suc-

cessive decomposition index using the SVM classifier showed a sensitivity of

95.80% using the same database. Further, many state-of-the-art methods have

proposed a classification of normal vs seizures, non-seizure vs seizure, inter-

ictal vs seizure, and pre-ictal vs ictal using various EEG databases but not

provided the automated algorithm for classification of multi-class seizure type

[9, 21, 27, 80, 84, 89, 136, 182].

The major contributions and significant findings of the proposed study are

listed below:

1. Generating the spectrogram stack using multichannel EEG to feed as

input for CNN.
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2. In order to overcome the imbalance issue of CNN, we have generated

balanced dataset using overlap technique.

3. Using a transfer learning approach, LR with 1e-4 performed better in

most of the solvers and pretrained networks.

4. The classification accuracy gets improved in deeper layers of the pre-

trained networks due to higher-level features learned by CNN using ex-

tract image features approach. However, the performance of the Densenet201

started fluctuating in deeper layer features.

5. ReLU and Conv layers (refer to Table 9.3) showed the highest accuracy

in most of the pretrained networks as compared to other layer using

extract image feature approach.

6. ReLU layer does not saturate and gradient is always high due to its

property. Conv layer have filters to extract edges, shapes, textures, and

objects of an image (spectrogram). Therefore, these two layers have

shown the highest classification accuracy using most of the pretrained

networks.

7. Transfer learning approach using Alexnet and Googlenet outperformed

extract image features approach.

8. Alexnet, Squeezenet and Googlenet did not show better performance in

earlier layers using extract image features approach.

9. An accuracy obtained using extract image features for Vgg16, Vgg19,

Squeezenet, Inceptionv3, Densenet201, Resnet18, Resnet50, and Resnet101

pretrained models outperformed transfer learning approach.
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10. The highest classification accuracy of 82.85% (Googlenet using LR of

1e-4 and adam solver) and 88.30% (Inceptionv3 in layers 37, 41, and

58) was achieved using transfer learning and extract image features ap-

proach respectively.

11. Extract image features approach outperformed transfer learning approach

in terms of classification accuracy and computation time.

The proposed study was conducted on MATLAB 2018a with Intel core i7

CPU@2.20GHz and a single GPU. As a future scope, the obtained best model

will be explored to enhance the classification results. Further, long short-term

memory based deep learning approach will be introduced for classification of

seizure types.

9.5 Conclusion

This study proposed an 8-class classification problem to classify seizure type

using CNN. The EEG time series were converted into a spectrogram stack to

feed as input for CNN. The algorithm was evaluated using transfer learning

and extract image features using the ten pretrained networks. The proposed

method showed the highest classification accuracy of 82.85% (Googlenet us-

ing LR of 1e-4 and adam solver) and 88.30% (Inceptionv3 in layers 37, 41, and

58) using transfer learning and extract image features approach respectively.

Comparison results showed that extract image features approach outperformed

transfer learning approach in terms of classification accuracy and computation

time.
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Abstract

The objective of this study is to investigate the feasibility of smartphones

for processing larger electroencephalography (EEG) recordings for the ap-

plication towards remote monitoring of epilepsy patients. A mobile appli-

cation was developed to automatically analyze and perform the classification

of epileptic seizures. For this purpose, a previously described cross-database

model was developed using successive decomposition index and matrix de-

terminant as features, adaptive median feature baseline correction to over-

come inter-database feature variation and post-processing based support vec-

tor machine for classification using five different EEG databases. The sezect

(seizure detect) Android application was built using Chaquopy software de-

velopment kit which uses Python language in Android Studio. Different du-

ration of EEG signals was tested on different versions of smartphones us-

ing sezect app to check its feasibility. The computational time required to

process the real-time EEG data on a smartphone and the resulting seizure

classification suggest that mobile-health could be a great asset to monitor

epilepsy patients. This study focused on utilizing the power of smartphones

to implement the complete seizure detection model which eliminates the need

for the cloud. More details on sezect Android app can be found at http:

//doi.org/10.5281/zenodo.3592415.

http://doi.org/10.5281/zenodo.3592415
http://doi.org/10.5281/zenodo.3592415
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10.1 Introduction

According to the International League Against Epilepsy (ILAE), epileptic seizures

are characterized by an unpredictable occurrence pattern and transient dys-

functions of the central nervous system due to excessive and synchronous ab-

normal neuronal activity in the cortex [5]. Electroencephalography (EEG)

can be used to determine the epileptogenic zone/to monitor ICU patients for

seizures/monitor seizures for therapy adjustment. EEG signals are collected

over a period of time and analyzed to detect seizure events. Today almost ev-

eryone uses smartphones and smartphone-based applications are being used

for solving human real-life problems including health-related issues. Regard-

ing epilepsy patients for remote monitoring, there is a need for developing an

efficient smartphone application that processes the long-term EEG recordings

for seizure detection. Therefore, the goal of this paper is to develop and eval-

uate the feasibility of a mobile app for remote monitoring of epilepsy patients.

In this context, an automatic mobile-based approach for epileptic seizure

detection was proposed by Menshawy et al. [11] using time, frequency, en-

tropy and discrete wavelet transform (DWT) based features with k-means clus-

tering. EEG signals recorded from EEG headset were stored in smartphones

and transmitted to the server. The pre-processing, feature extraction, feature

normalization, feature selection, and classification model of EEG signals were

performed at the cloud server. The results were sent to the smartphones of

patients and physicians from the back end server. Based on the results of

classification, caretakers will be notified to take the necessary action. The lim-

itations of this study were in terms of memory as the complete EEG signal has
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to be sent to the server and this approach was computationally expensive as

a huge number of features were used. McKenzie et al. [224] assess the abil-

ity of Smartphone Brain Scanner-2 (SBS2) to detect epileptiform abnormali-

ties using an Android tablet which was wirelessly connected to a 14-electrode

EasyCap headset. An Android-based smartphone application for monitoring

epilepsy patients was proposed using sub-band features and a support vec-

tor machine (SVM) classifier [225]. Mobile health was proposed to detect

generalized tonic-clonic seizures which trigger an alarm for prompt timely in-

terventions resulting in possibly reduce the risk of sudden unexpected death in

epilepsy (SUDEP) [226].

Kornek et al. [227] have proposed a mobile system based epileptic seizure

prediction using big data and deep learning in intracranial EEG signals. Typ-

ical stats like seizures per month, average sensitivity and average time in the

warning were reported. Further, the cloud-based alert system using higher

statistics [228], and seizure prediction using deep learning for big EEG data

was proposed in [229, 230]. Other studies [11, 227, 228, 229, 230, 231, 232,

233, 234, 235] have utilized cloud computing for EEG analysis and seizure

detection. Further, few mobile devices namely SmartWatch, Embrace Watch,

Brain Sentinel, and EpiWatch App were developed for seizure detection to

alert caretakers and to prevent SUDEP [236].

But the proposed study focuses on utilizing the power of smartphones to

implement the complete seizure detection model which eliminates the need

for the cloud. Our mobile-based seizure detection model provides information

like the number of channels, sampling frequency, duration of EEG signal, fre-

quency of seizure per channel, and seizure affected channels. Further, the app
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FIGURE 10.1: Block diagram of the proposed smartphone-based epilepsy patient
monitoring approach.

was developed using open-source software which is open for researchers in

public access and can be reproduced. Therefore, the proposed mobile-based

approach would be a great tool for remote monitoring of epilepsy patients. Fig.

10.1 shows the block diagram of the proposed smartphone-based epilepsy pa-

tient monitoring approach.

10.2 Materials and methods

10.2.1 Clinical EEG recordings

In order to deploy the seizure detection model on the smartphone, the cross-

database model in our previous study was developed using EEG recordings

from Ramaiah Medical College and Hospitals (RMCH), Children’s Hospital
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Boston-Massachusetts Institute of Technology (CHB-MIT), Temple Univer-

sity Hospitals (TUH), Maastricht University Medical Centre (MUMC), and

University of Bonn (UBonn) [237]. The same cross-database model was im-

plemented on a smartphone and validated using 20 new epilepsy patient’s EEG

recordings collected from RMCH and MUMC databases. EEG recordings

with a total duration of 13 hours was tested on the smartphone.

10.2.2 Chaquopy

Chaquopy is the Python software development kit (SDK) for Android [238]

which allows reusing existing Python code on Android and takes advantage of

PyPI packages including numpy, sci-kit learn, scipy and others. One can refer

to the GitHub repository at https://GitHub.com/chaquo/chaquopy

for more details on how to use Chaquopy. The Chaquopy-console template

was used for running the seizure detection Python code on the Android app.

10.2.3 Seizure detection model

The optimized cross-database seizure detection model was built in a previous

study [237]. Two features, successive decomposition index [182] and matrix

determinant [89] were extracted from all five databases and features baseline

were updated using adaptive median feature baseline correction [196]. The

features were classified using the SVM classifier with the leave-one-database-

out cross-validation method and a 10-tap moving average filter applied on clas-

sifier output as post-processing to reduce the false detections. This model was

then written in Python language and exported into a pickle file for smartphones

to test new EEG recordings.

https://GitHub.com/ chaquo/chaquopy
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10.2.4 Mobile-based seizure monitoring

As s proof of concept (POC) the Android app sezect was tested for epilep-

tic seizure detection in EEG signals. It is very important to investigate how

different version or models of smartphones performs processing of EEG sig-

nals which will be useful to scalable the proposed method. Therefore, we

have tested the proposed algorithm on Nokia, Moto X Play, and Redmi Note

4 mobiles. Overall, 20 new EEG recordings from epilepsy patients from both

MUMC and RMCH centers were used to evaluate the efficiency of smart-

phones for seizure detection. Using joblib from sklearn.externals, the trained

SVM model was dumped into .pkl file and loaded into sezect app to test new

EEG recordings.

10.3 Results

The goal of this paper is to validate the efficiency of smartphones for seizure

detection which can be deployed for remote monitoring of epilepsy patients.

10.3.1 Smartphone results

The sezect app was tested on three Android mobiles with the following con-

figurations (1) Nokia 8.1 (Android 10) (2) Moto X Play (Android 8) and (3)

Redmi Note 4 (Android 10). The screenshots of sezect Android app results

using Nokia are shown in Fig. 10.2 and the video of running app is available

at https://doi.org/10.5281/zenodo.3595429. As can be seen

from Fig. 10.2, the app pulls the information such as the number of channels,

sampling frequency, and duration of the complete EEG data file. Further, it

https://doi.org/10.5281/zenodo.3595429
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displays the elapsed time required to process the complete EEG file, the num-

ber of seizure events detected per channel, and the total number of seizure

epochs (each epoch length is 10s).

Fig. 10.3 shows the elapsed time taken by different smartphones for dif-

ferent duration of EEG recordings. The processing time of the sezect app

shows that a mobile platform is capable of handling huge EEG data and per-

form feature calculation and classification. Different mobile phones do not

have much difference in processing time which indicates different versions

of mobile phones can be used for implementation. For the new EEG record-

ings, we have observed the sensitivity of 93.5%, the specificity of 97.50%,

and the false detection rate of 1.5/hr on the Android sezect app. The results

suggest that our proposed seizure detection algorithm could be a significant as-

set to monitor epilepsy patient’s remotely using smartphones-based apps. The

source code for sezect Android app can be found at http://doi.org/10.

5281/zenodo.3592415.

10.4 Discussion

10.4.1 Comparison with state-of-the-art studies

Few studies have attempted cloud, IoT and smartphones to analyze the EEG

and detect seizure epochs. Menshawy et al. [11] have used the server to pro-

cess the data in terms of preprocessing, feature engineering, and classification,

send back the report to doctors and alarm the caretakers in case of seizure

found. Cloud computing was effectively used in the studies [225, 231, 233,

235] to perform feature engineering and classification on the cloud. Further,

http://doi.org/10.5281/zenodo.3592415
http://doi.org/10.5281/zenodo.3592415
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(a) (b)

(c) (d)

FIGURE 10.2: The screenshots of sezect Android app results. (a) The MUMC
database with 22 minutes of EEG data. The RMCH database with (b) 3.73 hours

(c) 8.88 hours (d) 13.22 hours of EEG data.
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FIGURE 10.3: The processing time required to analyze and classify the different
duration EEG signals on different smartphones.

mobile devices like SmartWatch, Embrace Watch, Brain Sentinel, EpiWatch

App are in practice which detects only a particular type of seizures [236].

However, the proposed sezect app is built using the cross-database model from

five EEG databases and found to be effective in terms of computational time

when tested on three different smartphones.

10.4.2 Contributions

The following is a summary of our contributions:

1. We developed the Android sezect app using open source software for

remote monitoring of epilepsy patients. The app is made available as

open-source software to improve the reproducibility of our results.

2. The feasibility of smartphones for handling huge EEG recordings has

been studied using the sezect app. Further, we studied the time com-

plexity in terms of the elapsed time of the mobile app using different
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durations of EEG.

3. Running every task on cloud results in need of huge memory and can

be cost expensive. The feasibility of automated seizure detection on a

smartphone without the involvement of cloud infrastructure is the biggest

contribution of this study.

10.4.3 Clinical significance

The idea of remote monitoring using smartphone apps will be useful to moni-

tor epilepsy patients by analyzing EEG signals collected over a period of time.

Smartphones can be used for multi-purpose uses in terms of health-care appli-

cations to improve the quality of patients lives. The advanced technology of

smartphones can be applied to solve the workload burden of experts.

10.4.4 Future directions

In this study, a POC is provided for the low-cost mobile health for automated

detection of epileptic seizures for remote monitoring. A future scope architec-

ture of a remote monitoring system is shown in Fig. 10.4. A wireless EEG

headset will be provided to epilepsy patient and continuous real-time EEG

signals will be recorded and stored on smartphones. A cross-databases clas-

sification model present on the smartphone will classify the EEG signals and

the report will be sent to the correspondent physician for further action.
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FIGURE 10.4: A future scope architecture of the real-time mobile-based seizure
detection and remote monitoring of epilepsy patients.

10.5 Conclusion

The feasibility of a mobile-based app for remote monitoring of epilepsy pa-

tients using the database-independent optimized algorithm was shown. The

mobile app was made available as open-source software hence it can be re-

producible by researchers according to their requirements. It was tested using

three different versions of smartphones. The results suggest that smartphones

are capable of handling huge EEG data for feature calculation and classifica-

tion.
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General Discussion
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Automated seizure detection is desirable in analyzing long-term EEG for

remote monitoring to improve the quality of life for epilepsy patients. In this

thesis, we have proposed a cross-database evaluation for the classification of

epileptic seizures using five EEG databases collected from different centers.

Such a cross-database approach also helps when insufficient EEG data con-

taining epileptic seizures is available to build a new seizure detection model.

The focus of this thesis is to build an algorithm using multiple databases and

validate the algorithm on the left out database which can be implemented

on mobile platforms for continuous remote monitoring of epilepsy patients.

Further, this thesis focuses on an 8-class classification of seizure types using

CNN’s transfer-learning approach. In the subsequent sections, methodological

aspects, FBC, classifier training, the effect of post-processing and comparison

with other studies will be discussed. This chapter will be concluded with study

limitations, future directions and important concluding remarks of the study.

11.1 Analysis of feature extraction methods

As the first step of our goal, we have proposed three novel features, namely

MD, SDI, and sigmoid entropy. Eleven classification problems were consid-

ered using the UBonn database to ensure the suitability of the MD feature for

the detection of epileptic seizures in Chapter 2. The classification was per-

formed using both equal and unequal numbers of observations. Experimental

results show the improvement in performance measures as the matrix order

or a segmentation length increases. Finally, this method showed a classifica-

tion accuracy of 97.56% using the RMCH database that is considered to be a



306

larger database than UBonn. The results were evident that the determinant of

a square matrix can be a potential biomarker for EEG based seizure detection.

With the evidence of MD and wavelet transform, we have proposed a sec-

ond novel feature called SDI in Chapter 3. This feature was tested on three

databases namely RMCH, CHB-MIT, and TUH. As compared to the SDI

method, the wavelet-based approach required the selection of mother wavelet

and decomposition level for better results at the cost of computational time.

SDI method outperformed other methods, namely spectral entropy, approxi-

mate entropy, sample entropy, and statistical features, log energy entropy de-

rived from wavelet packet decomposition, and wavelet entropy in terms of

computation time and classification results.

Chapter 4 proposed DWT based sigmoid entropy estimated using the wavelet

coefficients in each sub-band. Five commonly used wavelets, namely Haar,

Coif4, Dmey, Bior3.1, and RBio3.1, were examined and compared with dif-

ferent decomposition levels. Among five different wavelets, Bio3.1 in D4 sub-

band, Rbio3.1, and Haar in A5 sub-band, Rbio3.1 in D3 sub-band was found

to be the best choice for RMCH, UBonn, and CHB-MIT databases respec-

tively. Further, Dmey wavelet showed the least performance for the UBonn

database. The classification results obtained in D5 and A5 sub-bands using

the CHB-MIT database was less as compared to other sub-bands. Sigmoid

entropy measure for epileptic EEG was found to be lower than normal EEG,

which is similar to the methods proposed in [19, 98]. Kappa coefficients ob-

tained from all the databases belong to either a good or very good agreement

category.

Complexity analysis and dynamic characteristics of EEG using MODWT
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based entropies were studied in Chapter 5. We have investigated MODWT

using four different wavelets, namely Haar, Coif4, Dmey, and Sym4 sub-bands

until 7 levels. Further, we have explored the potentials of six entropies, namely

sigmoid, Shannon, wavelet, Renyi, Tsallis, and SURE entropies in each sub-

band.

11.2 Feature baseline correction

The biggest challenges were faced in this thesis while working with the MUMC

(Chapter 6) and cross-database (Chapter 7) studies. In the MUMC database,

we observed significant baseline feature value differences between the patients

which are referred to as inter-patient variability in feature distributions. As a

result, the performance of the classification model found to be poor due to

the lack of clear separation between seizure and non-seizure features (SDI and

MD). It was necessary to correct/update the feature baselines before training

the SVM classifier. Previously, similar challenges were overcome by using

MDM [20] and ANSFV [162] methods. In Chapter 6, we introduced a novel

technique called AM-FBC using the median values of features SDI and MD.

Classification results suggest that AM-FBC significantly improved seizure de-

tection by overcoming the inter-subject variability in feature distribution. We

observed a significant difference in terms of median values of SDI and MD

features before and after AM-FBC.

We observe inter-database variability in feature distributions among five

databases while working with cross-database evaluation (Chapter 7). In the

RMCH database, SDI feature values for seizure are below the SDI values of
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non-seizure from the other four databases. This is also the case for the MD fea-

ture values in the RMCH and MUMC databases. First, AM-FBC was applied

to update the feature distribution among the patients (scenario was dominant in

the MUMC database). Without AM-FBC in the inter-database level, the sen-

sitivity was closed to zero for the RMCH database due to the reason that the

seizure EEG feature values of the RMCH database were below the non-seizure

EEG feature values in the training databases. Further, the sensitivity achieved

for the MUMC database was very poor. Similarly, the specificity was 0 for the

UBonn without applying AM-FBC because non-seizure EEG feature values

of the UBonn database were above the seizure EEG feature values of the other

four databases. Next, feature baseline correction was applied on five databases

to correct the inter-database feature distribution variation. Wilcoxon rank-sum

test showed significance difference (p < 0.05) for each database between

seizure and non-seizures activities after applying AM-FBC. The influence of

AM-FBC improved sensitivity (RMCH and MUMC) and specificity (UBonn).

As a result, this study became the first study reporting cross-database evalua-

tion for automated classification of epileptic seizures.

11.3 Effect of outliers removal

In Chapter 6, we have studied the effect of outliers removal on classification

results and loss of diagnostic information. We observed that as the outlier

removal factor k increases, the AUC and percentage of loss of feature samples

decreases. In other words, the lower the k, the higher the classification results

and loss of diagnostic information. As an optimal setting, k = 1.5 can be used
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for real-time application as that has resulted in better AUC with just 1% of

samples lost.

11.4 Effect of post-processing

As reported in [85, 181] post-processing was performed using a 5-tap MAF

to the SVM classifier output in Chapters 6 and 7. The goal of post-processing

is to reduce false alarms and improve classification results. As a result of

post-processing, the false detections were reduced and the output was closely

matched with ground truth labels. The length of the MAF for post-processing

needs to be chosen properly. If the length of the filter is higher, it tends to a de-

lay in seizure detection and short seizures will be missed out. The lower length

of the filter will not improve the classification results but ideal for lower detec-

tion delay. In our study, it needs a delay of 10 s (5th order filter x segmentation

length of 4 s = 20 s, due to 50% overlap it becomes 10 s data) to produce clas-

sification output of MAF. Finally, the classification results revealed that the

FDR reduces when post-processing was applied.

11.5 Mobile based seizure monitoring

The proof of concept (POC) for epileptic seizure detection in EEG signals

was tested on the Android app which was built using Chaquopy, a Python

SDK for Android (Chapter 10). For the same purpose, the cross-database

model was converted into Python language from Matlab code. Overall, 20

new epilepsy patients, EEG recording’s from the MUMC and RMCH centers

were used to evaluate the efficacy of smartphones for EEG signal analysis
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and seizure detection. The mobile app was built in such a way to provide

information such as the number of channels, sampling frequency, and duration

of the complete EEG data file. Further, it estimates the elapsed time required

to process the complete EEG file, the number of seizure events detected per

channel, and the total number of seizure epochs. The processing capability

in terms of the elapsed time of sezect app shows that the mobile platform

is capable of handling huge EEG data and perform feature engineering and

machine learning. The computational time required to process the real-time

EEG data on smartphone and classification results suggests that mobile-health

could be a great asset to monitor epilepsy patients.

11.6 Classification of seizure types

The objective of Chapters 8 and 9 to perform a multi-class classification of

epileptic seizure type, which includes simple partial, complex partial, focal

non-specific, generalized non-specific, absence, tonic, and tonic-clonic, and

non-seizures using CNN and transfer learning. It was implemented using the

TUH EEG database using ten pretrained networks. In order to overcome the

imbalance issue of CNN, we have generated a balanced dataset using the over-

lap technique. The transfer learning approach using Alexnet and Googlenet

outperformed the extract image features approach. Similarly, classification

accuracy gets improved in deeper layers of the pretrained networks due to

higher-level features learned by CNN using extract image features approach.

However, the performance of the Densenet201 started fluctuating in deeper

layer features. ReLU and Conv layers showed the highest accuracy in most of

the pretrained networks as compared to other layers using the extract image
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feature approach. To the best of the author’s knowledge, this is the first of its

kind successful study using CNN for classification of seizure type into 8-class

in the presence of non-seizure EEG.

11.7 Comparison with literature

Maximum of seven classification problems were considered using UBonn database

in previous studies [41, 43, 48, 57, 198, 239]. In Chapter 2, eleven classifica-

tion problems were considered to evaluate the MD feature. The studies pro-

posed by [28, 38, 41, 42, 43, 45, 48, 49, 50, 52, 58, 59] have applied decom-

position techniques to achieve 100% accuracy for the classification problem

{A}-{E}, whereas the MD reached the accuracy of 99.45% without the help

of any EEG signal decomposition method. For the first time histogram and Bi-

variate plots have been used to understand the discrimination between seizure

and non-seizure EEG groups (refer to Chapter 2).

To the best of the author’s knowledge, automated detection of epileptic

seizures using SDI on RMCH, CHB-MIT, and TUH databases was the first

study that was tested on three different EEG databases and showed consistent

results (refer to Chapter 3). SDI feature proved to be superior in terms of

classification results and computation time when compared against spectral

[81], approximate [27], sample [8], log energy [21], and wavelet [36] entropy

methods when implemented on all three databases and classified using the

SVM classifier.

Only a few studies [84, 98, 137] have performed both segment and event-

based seizure detection approaches and Chapter 4 is one of them. The seizure
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detection algorithm using weighted permutation entropy proposed in [98] re-

ports a lower measure for epileptic seizure EEG as compared to normal EEG

signal. Further, similar results were obtained in [19] using minimum variance

modified fuzzy entropy. In resemblance to [98] and [19], sigmoid entropy

measure also exhibited lesser entropy for epileptic EEG than normal EEG in

Chapter 4. Further, sigmoid entropy showed the highest classification results

as compared to other entropy methods Shannon, Renyi, and Tsallis entropy.

Very few studies [150, 151, 152, 153, 154, 155] have investigated MODWT

on EEG signal. In Chapter 5, classification results showed that MODWT out-

performed DWT using sigmoid entropy.

In terms of novel features proposed in this thesis, MD, SDI, and sigmoid

entropies outperformed other feature extraction methods as reported in Chap-

ters 2, 3, 4 and 5. To the best of the author’s knowledge, the major highlight

is that these proposed techniques were validated on three different databases

(only two databases in Chapter 2) which was not reported in any of the previ-

ous studies.

Inter-subject variability in feature distribution is one of the biggest chal-

lenges in developing a patient-independent seizure detection algorithm. Pre-

viously in [178], five feature normalization techniques, namely MDM, mean

memory, standard deviation memory, peak detector, and signal range was ap-

plied to a line length feature and MDM was outperformed. Further, same

MDM technique was applied for seizure detection in [20, 162] and ANSFV

technique in [179]. Similar to the above techniques, AM-FBC was proposed

in Chapter 6 to overcome the inter-subject variability in feature distribution.
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Bogaarts et al. [179] have proposed an algorithm to improve the AUC us-

ing ANSFV FBC and a Kalman filter to classifier output for post-processing.

Further, Temko et al. [180] proposed post-processing of the SVM classifier

output using a central linear MAF. Ahmed et al. [181] suggested a post-

processing approach using the MAX operator and MAF that significantly im-

proved the seizure detection results. In [180, 181], post-processing was ap-

plied using a 9-tap and 15-tap MAF respectively, which leads to a delay in the

final decision of seizure detection. In total, 55 [180, 181], 65 [162] and 103

[20, 84, 179] features were used that leads to the computational expense of

the overall algorithm during feature extraction and classification. The results

presented in Chapter 6 show that our method with two features outperformed

other state-of-the-art methods in terms of classification results. This study also

provides the insights into the effect of outlier removal on classification results

and loss of diagnostic information which was not reported in previous studies.

All the existing studies have validated their algorithms using cross-validation

on the same database and no attempts have been made to extend their work on

other databases to test the generalization capability. Even though multiple

databases were used in [20, 42, 89, 122] for epileptic seizure classification,

the cross-database framework was missing. The biggest contribution of this

thesis is that we present the cross-database evaluation for the classification of

epileptic seizures using five EEG databases collected from different centers

(Chapter 7). To the best of the author’s knowledge, this is the

first study reporting on the cross-database evaluation of the classification of

epileptic seizures. In order to complete this task, we have framed the pipeline
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using MD and SDI features, AM-FBC (in patient and database level), smooth-

ing of the train and test data, and post-processing of the classifier output. The

classification results showed that AM-FBC is essential to achieve the gener-

alized results for all the databases by overcoming inter-database variability in

feature distribution.

The ultimate goal of this thesis is to provide an optimized database-independent

seizure detection model that can be implemented for remote monitoring of

epilepsy patients. Few studies have attempted cloud, IoT and smartphones to

analyze the EEG and detect seizure epochs. Menshawy et al. [11] have used

the server to process the data in terms of preprocessing, feature engineering,

and classification, send back the report to doctors and alarm the caretakers

in case of seizure found. Cloud computing was effectively used in the stud-

ies [225, 231, 233, 235] to perform feature engineering and classification on

the cloud. Further, mobile devices like SmartWatch, Embrace Watch, Brain

Sentinel, EpiWatch App are in practice which detects only a particular type

of seizures [236]. However, the proposed sezect app is built using the cross-

database model from five EEG databases and found to be effective in terms of

computational time when tested on three different smartphones. Further, we

have focused to utilize the power of the smartphone to implement a complete

seizure detection model which eliminates the need for the cloud. Our mobile-

based seizure detection model provides the information’s like, seizure onset,

seizure offset, frequency of seizures, and seizure affected channels. Therefore,

our mobile-based approach would be a great tool to monitor epilepsy patients

for remote monitoring applications.
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11.8 Clinical significance

Remote monitoring of seizures in rural areas at scale requires a combination of

automated seizure detection algorithms and affordable mobile health technolo-

gies (such as smartphones). We developed improved algorithms for automated

seizure detection, validated them in a cross-database approach, and success-

fully evaluated the feasibility of a smartphone to run these algorithms on a

dataset that we consider representative for one-day monitoring. Using our ap-

proach, the analysis could be done during nightly charging of the smartphone

and results could be uploaded to a patient’s personal health record or to a mon-

itoring unit at the physician’s site. The cross-database framework helps when

sufficient epileptic seizures EEG data is not available to build a new seizure

detection model. Further, the classification of seizure types will help to treat

the patient either for medication, surgery, vagus nerve stimulation, and deep

brain stimulation. We expect results obtained in our thesis will be helpful in

the presurgery examination of epilepsy patients. The idea of remote monitor-

ing using the smartphone app will be useful to keep monitor epilepsy patients

by analyzing EEG signals collected over a period of time. Smartphones can

be used for multi-purpose uses in terms of health-care applications to improve

the quality of patients’ lives. The advanced technology of smartphones can be

applied to solve the workload burden of experts.

11.9 Study limitations

Due to the epileptiform discharges, some times chances of occurring false

detections are high. Classification of epileptiform discharges as a third class
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FIGURE 11.1: A future scope architecture of the real-time mobile-based seizure
detection and remote monitoring of epilepsy patients.

other than seizure and non-seizure will be a great outcome in seizure detection.

In terms of the classification of seizure types using CNN, the performance

could be even improved for better clinical outcomes. Generating a balanced

dataset using the overlap technique to overcome the imbalance issue of CNN

might result in redundant data sometime.

11.10 Future directions

At the moment, a proof of concept (POC) is provided in this thesis for the au-

tomated detection of epileptic seizures for remote monitoring. A future scope

architecture of a remote monitoring system is shown in Fig. 11.1. A wireless

EEG headset will be provided to the patient and continuous real-time EEG

signals will be recorded and stored on smartphones. A cross-databases clas-

sification model present on the smartphone will classify the EEG signals and

the report will be sent to the correspondent physician for further action.

More precise classification can be done with a huge amount of seizure EEG

data for classifier training. One can attempt to update the classifier model with
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the expert review when the new EEG data classified as a seizure. In the case

of false detection, the EEG epoch can be excluded from the training dataset.

As a result, the optimized robust classification model can be obtained using an

updated training dataset. The biggest challenge in seizure detection is artifacts

and epileptiform discharges. An introduction of a classification model to clas-

sify seizure, non-seizure, artifacts and epileptiform discharges provided huge

labeled data will help experts in reducing false detections. As we have used

SDI and MD for cross-database evaluation, one can include sigmoid entropy

to improve the performance. Further, hardware implementation or integrating

classification model to the EEG system will be a great asset to improve the

treatment procedure.

11.11 Conclusion

We would like to conclude the thesis with the following findings.

1. Epileptic seizure detection was significantly improved with novel fea-

tures when validated on multiple EEG databases.

2. Wavelet-based studies showed the effect of decomposition level and

mother wavelets. Further, complexity analysis and dynamic characteris-

tics were explored in terms of energy and entropy in different levels of

MODWT.

3. We observed that the lower the outlier removal factor improved the

seizure detection performance at the cost of loss of feature samples.
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4. For cross-database evaluation, AM-FBC plays a significant role in im-

proving seizure detection results by overcoming inter-database variation

of feature distribution.

5. Post-processing on classifier output showed improved classification re-

sults by reducing false detection.

6. Classification of seizure types using CNN based transfer learning and

extract image feature approach with various pretrained models showed

better classification accuracy.

7. Finally, mobile-based EEG analysis for seizure detection using a cross-

database algorithm was successfully evaluated for remote monitoring of

epilepsy patients. The app source code is made available as an open-

source to improve the reproducibility of our results.



CHAPTER 12

Summary
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In this thesis, we focused on database-independent, cross-database eval-

uation of classification of seizure for remote monitoring of epilepsy patients

along with the multi-class classification of epileptic seizures. In thesis, we

contribute novel features and the FBC method to the scientific community.

Chapter 1 gives the general introduction about the thesis including prob-

lem statement, objective, and outline of the thesis. In Chapters 2 and 3, we

showed that the MD and SDI features are computationally efficient against

state-of-the-art methods and suitable for seizure detection. Wavelet-based en-

tropies were studied and optimal sub-bands using different mother wavelets

were identified for seizure detection in Chapters 4 and 5. Following the previ-

ous results of SDI and MD, in Chapter 6, we proposed AM-FBC to overcome

the inter-subject variability in feature distribution. Finally, a cross-database

evaluation was performed in Chapter 7 using five EEG databases collected

from different centers. We used AM-FBC to overcome the inter-databases

variability in feature distribution, smoothing of train and test data and post-

processing to achieve significant results. The cross-database model was used

to build a mobile-based EEG analysis for seizure monitoring. Chapter 9 de-

scribes transfer learning and CNN based multi-class classification of seizure

types. Overall, extract the image features approach outperformed the trans-

fer learning approach. Finally, this thesis is concluded with the feasibility

of a mobile-based app for remote monitoring of epilepsy patients using the

database-independent optimized algorithm in Chapter 10.

The results of this thesis contribute towards the clinical aspect in terms

of reducing the neurologist burden in reviewing long-term EEG, speed up the

treatment procedure and monitor epilepsy patients using a mobile app.
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Samenvatting

In dit proefschrift hebben we ons gericht op database-onafhankelijke, databaseover-

schrijdende evaluatie ten behoeve van classificatie van epileptische aanvallen

voor remote monitoring bij epilepsiepatiënten.

Hoofdstuk 1 geeft de algemene inleiding over de scriptie inclusief prob-

leemstelling, doelstelling en overzicht van de scriptie. In de Hoofdstukken 2

en 3 hebben we aangetoond dat de MD- en SDI-functies rekenkundig efficiënt

zijn en geschikt voor automatische aanvals detectie. Op wavelet gebaseerde

entropieën werden bestudeerd en geoptimaliseerde subbanden met behulp van

verschillende moederwavelets werden geïdentificeerd voor aanvalssdetectie in

Hoofdstukken 4 en 5. In navolging van de eerdere resultaten van SDI en MD,

in Hoofdstuk 6, stelden we AM-FBC voor om de variabiliteit tussen de on-

derwerpen in de distributie van functies te ondervangen. Ten slotte werd een

databaseoverschrijdende evaluatie uitgevoerd in Hoofdstuk 7 met behulp van

vijf EEG-databases verzameld uit verschillende centra. We hebben AM-FBC

gebruikt om de interdatabase-variabiliteit bij de distributie van functies, en

het trainen en testen van gegevens en nabewerking te verbeteren om signif-

icante resultaten te bereiken. Het cross-database model werd gebruikt om

een mobiele toepassing voor EEG-analyse te bouwen. Hoofdstuk 9 beschrijft

transfer learning en CNN-gebaseerde multi-class classificatie of aanvals types.

Ten slotte wordt dit proefschrift afgesloten met de haalbaarheid van een mo-

biele app voor monitoring op afstand in epilepsiepatiënten met behulp van het

database-onafhankelijke geoptimaliseerde algoritme in Hoofdstuk 10.





Valorization

The existing EEG monitoring systems which include video EEG and ambu-

latory EEG is not affordable to an epilepsy patient due to its cost [240, 241].

When considering remote monitoring of epilepsy patients in rural places of

India, the cost is always the biggest issue. The goal of this thesis is to de-

velop cost-effective mobile-based remote monitoring of epilepsy patients us-

ing database-independent optimized algorithms and classification of seizure

types. As we know that, manual inspection of long term EEG is time-consuming,

tedious, prone to error and expert dependent. Therefore, automated detec-

tion of epileptic seizures has an impact on reducing the workload of a neu-

rologist who reviews the long-term EEG during the evaluation of patients

with epilepsy. Mobile-based system build using a cross-database algorithm

will also help to keep monitor the epilepsy patients in terms of frequency

of seizures, seizure onset and to warn the caretakers and doctors in case of

emergency. The classification results achieved using cross-database evaluation

were appreciable for clinical trials and it is the first of its kind study proposed

using five EEG databases. The cross-database evaluation can also lead to cost

reduction and time saving as developing a new algorithm is not required for

new EEG databases. The classification of seizure types using EEG signals will

be a great tool for doctors to take further clinical action on epilepsy patients.

The algorithms developed in this thesis can be made as software packages

to run on hospitals. Further, it can also be associated with EEG recording

systems as analysis software for real-time seizure detection. Such a compact
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model can be installed at RMCH and MUMC hospitals for real-time monitor-

ing.

As we have shown mobile-based seizure monitoring, in the future, EEG

can be recorded using EEG headset and can be sent to mobile for analysis and

reports can be shared with doctors for further clinical action. Such a system

will be able to move epilepsy patients from hospital or ICU to the external

environment and real-time monitoring can be done.

As we have proposed a model to overcome inter-database variability to

work with multiple databases, AM-FBC can also be applied to other EEG or

any physiological signals related to studies to build a robust and generalized

algorithm. Such attempts will lead to having more training datasets for any

classification model which is essential in machine learning.
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