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Epilepsy is a neurological disorder affecting people of all ages. This disorder is reported to affect over 50
million people, with a majority residing in developing countries [1]. It is a sudden and unprovoked seizure
that occurs due to an erratic change in the brains’ electrical activity often accompanied by loss of
consciousness, uncontrolled motions, jerking, and loss of memory [2][3]. These inconvenient and
undesirable effects undermine the quality of life of epilepsy patients as it's difficult for patients and doctors
to predict when and where these seizures would occur. Therefore, it is highly imperative to develop an
automated system for monitoring epileptic seizures and to assist clinicians in proper and efficient
diagnosing of this disease [4][5].

Focal and non-focal Electroencephalogram (EEG) signal features have been effectively used for the
identification of areas in the brain that are affected by epileptic seizures known as the epileptogenic zone.
Detection of focal EEG signals as well as time and location of occurrence are very significant in aiding
doctors to treat focal epileptic seizures using the surgical method. Figure 1 shows an example of focal and
non-focal EEG signals.

The development and integration of modern, smart, portable, and low-cost devices in our health care system
which is known as internet of medical things (IoMT) that can monitor, track, and transmit data wirelessly
with an online consultation in a real time scenario is highly desirable [6]. For epileptic seizure applications,
the efficiency of these devices largely depends on their level of accurate classification of physiological

signals which depends on the quality of feature
extraction methods employed to extract the
T S relevant signal’s information that characterize
| n ’Wf different signal’s properties [7][8].
MNW ! This work uses intracranial EEG signal from the
S S S SRV - S University of Bern, Switzerland Department of
vl UK TG SR S s s O BT R Neurology. It is publicly available and popularly
=t T T known as Bern-Barcelona database. The dataset

; ; 1 was recorded from five epilepsy patients with
WMMW temporal lobe epilepsy that have undergone a
- {  surgical treatment. These signals were sampled at

i ! ! : } i 7 , , K 512Hz and it contains 10240 samples. The dataset

[a] 1000 2000 3000 4000 E000 6000 7000 8000 9000 10000 . .
Samples consists of focal and non-focal classes with each
class contains 3750 pairs of EEG signals denoted

Waltage (Microvolts)

Woltaga (microvolis)

Figure 1. Focal (top) and non-focal (bottom) EEG signals
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Figure 2. Block diagram of the proposed technique

as x and y. Band pass filters were used to eliminate artifacts in a preprocessing stage [9]. After preprocessing
the data, the features were extracted and fed to the SVM and DNN classifiers. For the training and testing
the networks, the dataset was divided randomly for each pair using a standard 70% for testing and 30% for
validation with 10-fold cross validation scheme employed.

This work proposed a computer aided detection (CAD) system for detection and classification of focal and
non-focal EEG signal. It is an efficient feature extraction technique suitable for smart IoMT devices due to
its less computational complexity and classification algorithm using the proposed optimized deep neural
network. The proposed technique as depicted in Figure 2 consists of employing time frequency features,
statistical, and non-linear approaches to form a robust features extraction technique. Support Vector
Machine (SVM) and Deep Neural Network (DNN) with a proposed gradient descent and adaptive learning
rate as an optimization function have been employed in classification of focal and non-focal EEG signals.
The proposed feature extraction and classification technique proved to be effective and suitable for smart
Internet of Medical Things (IoMT) devices as performance parameters such as accuracy, sensitivity, and
specificity are higher than using SVM classifier and some recently related works with a value of 99.8%,
99.5%, and 99.7% respectively. While the SVM classifier reported the values of 98.8%, 97.5%, and 98.0%
respectively. The performance parameters are mathematically described as:

Sensitivity (Recall) = (TP/(TP + FN)) = 100% (D
Specificity (Selectivity) = (TN/(TN + FP)) * 100% 2)
Accuracy = ((TP + TN)/(TP + FN + TN + FP)) = 100% 3)

where TP is True Positive (correctly identified), FP is False Positive (incorrectly identified), FN is False
Negative (incorrectly rejected), TN is True Negative (correctly rejected).
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Abstract

* Epilepsy is a neurological disorder affecting .
people of all ages.

This disorder is reported to affect over 50
million people, with a majority residing in
developing countries.

It is a sudden and unprovoked seizure that
occurs due to an erratic change in the brains’
electrical activity often accompanied by loss
of consciousness, uncontrolled motions,
jerking, and loss of memory.

These inconvenient and undesirable effects
undermine the quality of life of epilepsy
patients as it's difficult for patients and
doctors to predict when and where these
seizures would occur.

Therefore, it is highly imperative to develop
an automated system for monitoring
epileptic seizures and to assist clinicians in
proper and efficient diagnosing of this
disease.

Significance of the Study

The developmentand integration of
modern, smart, portable, and low-cost
devices in our health care system
which is known as internet of medical
things (loMT) that can monitor, track,
and transmit data wirelessly with an
online consultation in a real time
scenario is highly desirable.

For epileptic seizure applications, the
efficiency of these devices largely
depends on their level of accurate
classification of physiological signals
which depends on the quality of feature
extraction methods employed to
extract the relevant signal’s information
that characterize different signal’s
properties.

Methodology

Block diagram of the proposed technique

Focal and Non-Focal EEG Signal

+ Focal and non-focal Electroencephalogram
(EEG) signal features have been effectively
used for the identification of areas in the
brain that are affected by epileptic seizures
known as the epileptogenic zone. .
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Focal (top) and non-focal (bottom) EEG
signals

Datasets

Intracranial EEG signal from the University
of Bern, Switzerland Department of
Neurology known as Bern-Barcelona
database.

The dataset was recorded from five epilepsy
patients with temporal lobe epilepsy that
have undergone a surgical treatment.

The dataset consists of focal and non-focal
classes with each class contains 3750 pairs
of EEG signals denoted as x and y.

These signals were sampled at 512Hz and it
contains 10240 samples.

Band pass filters were used to eliminate
artifacts in a preprocessing stage

Methodology

+ The proposed technique consists of
employing time frequency features,
statistical, and non-linear approaches
to form a robust features extraction
technique.

+ Support Vector Machine (SVM) and
Deep Neural Network (DNN) with a
proposed gradient descent and
adaptive learning rate as an
optimization function have been
employed in classification of focal and
non-focal EEG signals

+ For the training and testing the
networks, the dataset was divided
randomly for each pair using a
standard 70% for testing and 30% for
validation.

+ 10-fold cross validation scheme
employed.

Performance Measures
Sensitivity (Recall) = (TP/(TP + FN)) = 100%
Specificity (Selectivity) = (TN/(TN + FP)) * 100%
Accuracy = ((TP + TN)/(TP + FN + TN + FP)) =100%

- where TP is True Positive (correctly identified), FP is False
Positive (incorrectly identified), FN is False Negative
(incorrectly rejected), TN is True Negative (correctly rejected).

Results

Classifier sensitivity (%) | Specficty (%) | Accuracy (%)

VM 975 B0 98.8

DNN 99.5 29.7 29.8
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