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Abstract

Epileptic seizure is a neurological disorder that is prevalent in both males and fe-
males of all age ranges. Detection of epileptic seizure serves as an important role
for epileptic patients as it allows the initiation of systems to prevent injuries and
limiting the possibilities of risk by providing targeted therapy by anticipating their
onset prior to presentation. Electroencephalogram (EEG) plays an important role
in seizure detection and is one of the most well-known techniques for determining
stages of epilepsy. Since, EEG is a non-stationary signal it can be quite di�cult
to di↵erentiate amongst seizure activity and normal neural activity. In this pa-
per we have proposed an epilepsy detection method based on five di↵erent feature
extraction methods and followed by that the original domain of the extracted fea-
tures were transformed using Discrete Wavelet Transform (DWT) and three di↵erent
classifiers- Decision Tree, Random Forest and KNN to classify into seizure and non-
seizure stages. Results demonstrated in this paper have outperformed the existing
state-of-the-art methods with 97.22%, 100% and 83.33% for 2 class classification
and 91.67%, 91.67% and 80.56% for 4 class classification for the aforementioned
classification techniques accordingly.
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Chapter 1

Introduction

1.1 Motivation

Epilepsy is defined as a neurological disorder further characterized by the electrical
disturbance and uncoordinated electrical discharges in our brain leading to repeated
malfunction or recurrent seizures. The term seizure specifies this disorder causing
sudden movements, convulsions and the loss of consciousness. According to the
WHO, around 50 million people have been a↵ected with epilepsy worldwide with
both adults and children falling under the diagnosis range. In addition to that, it
is one of the oldest recognized conditions in the history of neurology, making it a
globally prevalent neurological disease[1]. The Epilepsy Therapy Project revealed
that around 10 percent of people around the world will experience seizure at some
point of their life, noting down a staggering statistic which said that 1 in 26 peo-
ple may develop this neurological disorder from the seizure experienced[2]. Patients
experiencing epileptic seizures may be subjected to uncountable injuries such as
fractures, submersion, burns, motor vehicle accidents and the worst possible case,
death. Therefore, detecting seizures beforehand prevents countless injuries while
rapidly promoting the therapies aimed at treating seizures and increasing the im-
portance of seizure detection greatly. So, in this paper we have proposed an epilepsy
detection method based on five di↵erent feature extraction methods. Following that,
the original domain of the extracted features was transformed using DWT and three
di↵erent classifiers- Decision Tree, Random Forest and KNN to classify into seizure
and non-seizure stages.

1.2 History of Epilepsy

The history of epilepsy and its treatment traces back to ancient civilization, during
2000 B.C.[3] The diagnosis and treatment of this condition during the past centuries
have been medically inaccurate to great extent, either being theological or supersti-
tious.[4] During the 18th and 19th century, research on epilepsy started advancing
while, ancient physicians depended solely on clinical observation in order to deter-
mine the causes and symptoms of the condition. Thus, it took the step towards
eliminating the stigma of superstitious and religious claims surrounding the cause
of epilepsy. The second half of the 19th century, the treatment of epilepsy was
based on delineation of pathophysiology and topographic localization of the epilep-
tic seizures. There were several discoveries and experiments along the years which
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led to the recognition of the existence of localized lesions on cortex of the brain that
were involved in epileptic convulsions. Therefore, the following quotation: “Epilepsy
is the name for occasional, sudden, excessive, rapid and local discharges of grey mat-
ter” became the definition of epilepsy in 1873 by John Hughling Jackson.[3]
As epilepsy is a prevailing neurological disorder where millions have been a↵ected
worldwide, the condition and its symptoms are being tackled through methods like
epileptic seizure detection. The improvement of technology over the past years has
escalated the field of doing detailed research. With increasing techniques and ex-
perimentations, we have managed to overcome the limitations from the past, thus
narrowing the gap between several problems and solutions. Epileptic seizure de-
tection means detecting the presence of EEG signals that are causing the seizures.
Researchers have used di↵erent techniques to process the raw EEG signals and use
di↵erent classifiers to detect seizure EEG signals. Detecting seizures beforehand
prevents countless injuries[2] and rapidly promotes the therapies aimed at treating
epilepsy, therefore increasing the importance of epileptic seizure detection. Although
epileptic seizure detection is still a challenging issue but we have come a long way
with the help of di↵erent technologies.

1.3 Aims and Objectives

The aim of our research is for the proposed model to achieve higher accuracy rate
than the state-of the-art models. It has been seen that the International 10-20
system, which is a widely used electrode placement system, records electrical activity
in di↵erent areas of the brain. For a patient not all the channel readings indicate
seizure is occurring, as seizure can occur at any part of the brain at any time.
So, there is no certainty that all the channels will give us information about the
occurrence of seizure. If reduction of channel is not implemented while detecting
seizure then that will not only cause computational delay but also hamper the
overall accuracy of the detection. It is inevitable to ensure the use of the minimum
number of channels possible to reduce system power consumption, a necessary step
to maintain longer time of operation[5].
One of the challenging aspects of seizure detection is that di↵erent parts of the brain
serve us with di↵erent signals. Not all of them are of similar nature. If we are unable
to di↵erentiate between channels then it makes it much more di�cult for us to detect
necessary signals for epilepsy. Among these multiple channels not all the sources are
implying that a seizure is occurring. So, if readings of such channels are also included
then there is a high chance that we will be unable to detect seizure accurately. In
this regard, automatic channel selection is extremely important to focus only on the
channels that consist of the most necessary information and ignore the unnecessary
channels. The most significant information of the functional state of the human
brain lies in five major brain waves distinguished by their frequency bands. These
frequency bands are- delta band (0–4 Hz), theta band (3.5–7.5 Hz), alpha band
(7.5–13 Hz), beta band (13–26 Hz), and gamma band (26–70 Hz)[6]. One of the main
objectives of channel selection is to identify brain areas that generate class event
activity. If all the channels are considered then there is a high chance that the false
positive rate might increase drastically. But only using appropriate channels can not
only increase the detection accuracy but also lower the false positive rate. Through
our proposed model, we aim to attain exceeding precision in the results of the
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epileptic detection than the existing state-of-the-art models. Results demonstrated
in this paper have outperformed the existing state-of-the-art methods with 97.22%,
100% and 83.33% for 2 class classification and 91.67%, 91.67% and 80.56% for 4
class classification for the aforementioned classification techniques accordingly.
The objective of our system is to detect epileptic seizures with the data sets of
patient’s EEG signals as the input by observing if the seizure has some sort of
pattern or if the feature extraction techniques can accurately detect di↵erent stages
of epilepsy. At first, the data has to be preprocessed. The data originally found is a
series of EEG readings from di↵erent electrodes set on di↵erent parts of the brain.
The priority is to separate the electrode readings followed by extracting features
from them. For the proposed model di↵erent feature classifications are used and
then checked if they are able to detect the stages of seizures properly. So, in that
case the original domain will be transformed and then features will be re-extracted
to see if the model is now able to di↵erentiate the various stages accurately. The
features that are found in the feature extraction step are not enough to make a
generalized seizure detection system. So, they are then re-transformed into wavelet
domain, which results in higher detection rate. After extracting the relevant features,
we need to do is classify them. The EEG signals recorded can be classified into two
stages at first- (i) non seizure period (where there is no sign of epileptic seizure) and
(ii) seizure period. The seizure period is then divided into four classes: (i) preictal
period (30 minutes to 60 minutes prior to ictal period), (ii) ictal period (the actual
seizure period), (iii) post-ictal period (30 minutes later than the ictal period) and
(v) interictal period (the duration between post-ictal period to pre-ictal period).
The classification is important to know which are ictal and which are inter-ictal and
which are pre-ictal signals. For the proposed model classifiers such as, DTC, RFC
and KNN classifiers are used. The seizure detection commences with the feature
extraction and classification of the EEG signals.

1.4 Research Methodology

This model serves the purpose of di↵erentiating di↵erent seizure stages. In the pro-
posed model, feature extraction methods such as DFA, HFD, HJORTH parameters,
Fisher, SVD have been used. Then they were transformed into Discrete Wavelet
domain again. The proposed model produces two types of result i) Two stages –
seizure and non-seizure and ii) four stages, which are- pre ictal, ictal, inter ictal
and post ictal. Three di↵erent classifiers: DTC, RFC and KNN have been used to
classify into seizure and non-seizure stages. The objective of our system is to detect
epileptic seizures with the data sets of patient’s EEG signals as the input.

1.5 Research Orientation

In section 2, we have exhibited the related works and researches that have been
implemented by other researchers on epilepsy and seizure detection in the past.
Then, section 3 describes the steps and methods we have used in order to bring
about accurate results. Following that, section 4 demonstrates the implementation
of our research through the execution of the research methodology. We have also
illustrated the use of two dataset for clear representation and understanding for
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data classification. Then, section 5 shows the results and analysis achieved from the
implementation of our methods. Lastly, in section 6 we have included the conclusion
and future work of the proposed model of our research.
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Chapter 2

Related Work

For detection and prediction of epileptic seizures, various methods can be used to
interpret the EEG signals. One such method as done by Panda[7] et. al. involves
the use of an SVM based classifier on EEGs. For the study, five types of EEG data
were chosen which were divided in the following way: healthy subject with eye open
condition, eye close condition, epileptic, and seizure signal from hippocampal area.
Signals were preprocessed and decomposed up to the fifth level of the decomposi-
tion tree using the DWT. Various characteristics like energy, entropy, and standard
deviation were calculated and used to classify signals. The results demonstrate that
the detection of abnormal from normal EEG signals has a classification accuracy of
about 91.2%. But it is not easy to detect seizures, because seizures can vary from
person to person and also in terms of location. So a more generic approach towards
detection is discussed in a paper by Parvez[8] et. al. regarding feature extraction
of pre-ictal and interictal stages from EEGs using EMD along with DCT. This is
followed by LS-SVM for classification purpose. This method has proven useful in
terms of sensitivity, specificity and accuracy when it comes to classification of ictal
and preictal stages. Lasefr[9] et. al. processed the EEG signal data for both time
and frequency domain at first, and used Chebyshev filter to pre-process the data.
Then Wavelet Analysis was used to decompose the signal into five sub-bands. This
was done for both time and frequency domain. Then further processing was done
using only the Delta sub-bands from here. Then feature extraction was done using
DWT. A threshold was kept to find out what is the noisy part of the extracted sig-
nal. M.A. Hadj-Youcef[10] et.al. also conducted research in classifying EEG signals
that focused on getting an accurate start to the process. It was done by decom-
posing the raw EEG signals with the help of DWT for extracting the maximum,
minimum, range, standard deviation, energy, entropy. The decomposed signal was
then reduced by PCA to further refine the data for a better representation of epilep-
tic seizure data. After this SVM classifier was added to reach an accurate level of
classification. An accuracy of 98% was reached. Parvez[2] and Paul[2] also worked
with DCT-DWT, and SVD to be able to di↵erentiate between ictal and interictal
period. But the technique was applied on two di↵erent datasets, one big and one
small (Epilepsy small dataset, 2012 and Epilepsy large dataset, 2013). For both
the cases the accuracy was high. Through the process, it was also demonstrated
di↵erent lobes of the brain show di↵erent phenomenon during ictal and interictal
period. A di↵erent technique was applied by Liang[11] et. al, where the EEG fea-
tures were extracted and was evaluated by the ApEn analysis and multiclass EEG
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were found. The ApEn analysis was further improved by including EEG sub-bands
or autoregressive models. Then the PCA and GA on this was compared for selection
of feature through di↵erent linear and non-linear methods so that it can be used
for the next classification stage. In another study conducted by Ocak[12], normal
and abnormal EEG signals went through fourth-level packet decomposition to cre-
ate frequency bands. Then the ApnEn value from the decomposition tree were used
to predict EEG data from previously collected frequency bands. Finally, GA was
used to find optimal feature from here to maximize the performance of a LVQ-based
normal and epileptic classifier. GA helped with increased accuracy which came out
to be 94.3% for normal EEG epochs and 98% for epileptic EEG epochs. Recently,
as stated by Pachori[13], applying a decomposition method called EMD has proven
to be an e�cient transformation technique. EEG signals are decomposed to IMF
by EMD. Then a MF is calculated for each of the IMF found with the help of a FB
expansion to di↵erentiate between ictal and seizure-free intracranial EEG signals.
Bajaj[14] et. al., also worked with di↵erentiating between such signals so that clas-
sification between seizure and non-seizure EEG signals can be made to be accurate.
EMD is used to generate IMFs and then the Hilbert Transformation of the IMFs
were used for an analytic signal representation of IMFs. Two bandwidths are then
calculated from here which is then classified using LS-SVM to di↵erentiate between
seizure and non-seizure EEG signals. When the process was paired with RBF, ac-
curacy was 98.0%. When the process was paired with Morlet Kernel, the accuracy
was 99.5%. Duman[15] et. al., focused on early prediction of seizures that focused
on extracting the first 5 IMFs from EEG signals that were decomposed into IMFs.
This method used the Hilbert-Huang Transform to create a result with an accuracy
of 89.66%. On the other hand, Zhang[16] et. al. proposed a di↵erent technique
which works with neural network as its basis. They devised four hand tasks that
were complicated to perform and then formed the EEG signals created during the
performing of the tasks. The obtained signals were pre-processed by decomposing
them using wavelet transform. From this, a matrix was formed and SVD was applied
and the singular value feature vectors were found from the matrix. These features
were then used as an input to ANN that could di↵erentiate between the complicated
tasks. The classification accuracy obtained from this technique was 89%. To improve
EEG classification accuracy, Dastidar[17] et. al. worked with three key components
of wavelet-chaos-neural network, namely standard deviation (quantifying the signal
variance), correlation dimension, and largest Lyapunov exponent (quantifying the
non-linear chaotic dynamics of the signal). The study not only focused on improv-
ing accuracy but also on reducing computing time and output analysis by switching
up the process through performing the study in two phases: band-specific analy-
sis and mixed-band analysis. The process made it possible to achieve an accuracy
as high as 96.7%. Bezobrazova[18] and Golovko[18] also used chaos theory, that
is, they determined the largest Lyapunov’s exponent. This was done by applying
forecasting neural networks on the experimental results. Hybrid studies were also
conducted to make the process more intelligent for diagnosis purposes. One such
study conducted was by Polat[19] et. al.. In the study, a hybrid system was built
using decision tree classifier and FFT to extract features that would help to detect
epileptiform discharges in EEG. Steps such as the use of k-fold cross-validation,
classification accuracy, and sensitivity and specificity values were taken to increase
accuracy. 5- and 10-fold cross-validation resulted in 98.68% and 98.72% classifica-

6



tion accuracies. There is also a method by Parvez[20] and Paul[20] involving the
exploitation of spatiotemporal relationship of EEG signals where certain reference
vectors are set in the EEG signals that can compare the change in state between
ictal and preictal stages. This method is also less sensitive to artifacts which is
crucial as artifacts can increase inaccuracy. This method proposed an accuracy of
91.95% with lower chances of false negatives. There are many more filtering and/or
denoising techniques available. The challenges are faced due to variations found in
brain signals. Nonetheless, several sampling, extraction, analysis and classification
methods have been designed with increasing accuracy that makes this side of the
research promising.
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Chapter 3

Research Methodology

3.1 Our Methodology

Figure 3.1: Work Flow Diagram
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The work flow diagram in figure 3.1 depicts an overview of each and every step
we have taken in order to train and evaluate our model. At first, we collected our
required dataset. The gathered raw data was then cleaned, formatted, and organized
using data preprocessing. Following that, we utilized di↵erent feature extraction
approaches to extract the characteristics of the EEG signals in the original domain,
such as DFA, HFD, HJORTH parameters, Fisher and SVD. Then, the original
domain of the extracted features was transformed using DWT. After that we did data
visualisation on both the original feature domain and transformed feature domain
using t-SNE and statistical testing. Next, we trained 75% of our data and left the
remaining 25% for testing. Then, for both the trained and testing data, we utilized
data classifiers (DTC, RFC, and KNN) in both the original domain and transformed
domain to test and validate our detection approach.

3.2 Original Feature Domain

In order to extract features from EEG signals, we utilized several feature extrac-
tion methods such as DFA, HFD, HJORTH parameters, Fisher, and SVD. All of
these feature extraction techniques are aiding us in estimating the frequency of the
seizures.

3.2.1 Detrended Fluctuation Analysis (DFA)

DFA is one of the main methods of analyzing temporal structure in scale free dy-
namic. DFA is a feature extraction technique which is widely used for analysis of
non-stationary time series which has been applied to EEG signals[21]. The DFA
technique can be successfully used to both resting-state and task-dependent record-
ings. It can also be utilized for measuring brain activity during diverse activities,
such as mental counting, visual and motor imagery, or even during presentation
of di↵erent stimuli[22]. The advantages of DFA over other approaches include the
ability to discover inherent self-similarity buried in a seemingly non-stationary time
series and the avoidance of erroneous detection of apparent self-similarity, which
may be an artifact of external trends[23].
In order to perform DFA, at first, we need to convert the signal into mean centered
cumulative sum. Then we have to define a number of scales that are logarithmically
spaced. Because these scales get quite lengthy, it is not a technique to be applied
on brief task related epics where data epochs are only a few seconds long. We need
longer time series to do this analysis. Following that, we have to split the data based
on the scales, detrend each segment, and compute the RMS for each of them. We
need to repeat this for each scale. Lastly, we have to compute the linear fit between
the log-scales and log-RMS. To summarize, in order to execute DFA[24], given that
there are specified time series, we compute Xt (mean-centered cumulative sum) us-
ing the following formula:

Xt =
tX

i=1

(xi � hxi)
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Where, xi is the bounded time series, <x> is the mean value for time series. Then
we calculate the fluctuation using the following formula:

F (n) =

vuut 1

N

NX

t=1

(Xt � Yt)
2

A single row from a file containing the electrode data has been converted into a
one-dimensional array and DFA has been applied on the array. Since DFA analyzes
the fluctuation of the data that are on the same column, a 1D array has been sent
as input and a single scalar value has been returned.

3.2.2 Higuchi Fractal Dimension (HFD)

FD is a fast non-linear measure of the complexity of a signal. Its reduction is noticed
because of increased EEG synchrony. This has been seen in epileptic convulsions,
which show enhanced synchronous oscillations and decreased arrhythmic activity.
HFD is one of the most e↵ective techniques for determining a time series’ FD. It
can obtain the fractal dimension of a time series signal even when just a few data
points are provided[25]. When compared to other techniques, it provides a more
accurate measure of signal complexity.
Given a time series X:1,. . . ,N→R with data points and a parameter kmax � 2 the
HFD of is calculated for each x 2 {1, . . . , k} and m 2 {1, . . . , k} define the length
Lm(k) as,

Lm(k) =
N � 1⇥
N�m

k

⇤
k2

[N�m
k ]X

i=1

|Xn(m+ ik)�XN(m+ (i� 1)k)|

The length (k) is defined by the mean value of the k lengths L1(k), . . . , Lk(k),

L(k) =
1

k

kX

m=1

Lm(k) |

The HFD of the time-series X is defined as the slope of the best-fitting linear
function over the data points

��
log 1

k , logL(k)
� 

The row of data has been converted into a 1D array and sent as time series and
number of iterations (constant K) has been set to 8 for HFD. HFD returns a scalar
value for each time series[26].

3.2.3 HJORTH Parameters

The HJORTH parameter is a method of showing statistical properties of a signal
and it has three types of parameters- Activity, Mobility, and Complexity. The vari-
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ance of the time function is known as the activity parameter which can represent the
surface of the power spectrum in frequency domain. Here the value of activity yields
a large or small number depending on how many or few high frequency components
of the signal are present. The mobility parameter is defined as the square root of the
variance ratio between the signal’s first derivative and the signal itself. This value
is proportional to the standard deviation of the power spectrum. As the form of
the signal approaches that of a pure sine wave, the value of Complexity approaches
one. These three parameters contain information about frequency spectrum of a
signal[27].
Among these parameters we worked with the HJORTH mobility parameter[28] as a
part of feature extraction,

Mobility =

vuutvar
⇣

dy(t)
dt

⌘

var(y(t))

A 1D array is needed as input for HJORTH. But what makes the HJORTH pa-
rameter di↵erent from the other feature extractors is that HJORTH returns a tuple
containing 2 values as output which are mobility and complexity. Here only mobility
was used as a feature. The outputs that HJORTH generates are both scalars.

3.2.4 Fisher

Using the scalar feature for Fisher analysis[29], we can define Fisher information in
the following way:

I =
M�1X

i=1

(�̄i+1 � �̄i)
2

�̄l

This method is widely used to extract features by keeping a constant which is called
Tau (⌧). Tau (⌧) refers to the lag. Moreover, another value is passed in the param-
eter which is DE. Both the values were passed as 4 along with a 1D array for each
row in the proposed model. This produces a scalar value for each row as well.

3.2.5 Singular Value Decomposition (SVD)

SVD technique helps us to reduce bulks of data into key features that are necessary
to analyze and describe that large data further. The SVD identifies the smallest
number of dimensions necessary to express a matrix or linear transformation. Due
to data redundancy, multidimensional data is frequently represented equivalently in
fewer dimensions. If an n-dimensional vector set all lies in the same k-dimensional
subspace, k < n, then each n-vector has only k degrees of freedom and can be
uniquely represented by k integers. Because of the inherent connections that exist
in nature, the SVD is an excellent choice for feature reduction. The magnitudes
of the singular values revealed by the SVD will indicate if no further reduction is

11



possible[30].
For SVD, let the input signal be [x1, x2, . . . , xN ]. Thus, the delay vector is con-
structed as[29],

y(i) =
⇥
xi, xi+r, . . . , xi+(dE�1)r

⇤

where ⌧ is the delay and dE is the embedding dimension. We considered, dE =2 and
⌧= 2. The embedding space is then constructed by –

Y = [y(1), y(2), . . . , y (N � (dE � 1) ⌧)]T

The SVD is then performed on matrix y to produce M singular values, �1, . . . , �m ,
known as the singular spectrum.
The SVD entropy is then defined as-

HSV D = �
MX

i=1

�̄l log2 �̄l

where M is the number of singular values and �l, . . . �M are normalized singular
values such that �l =

�iPM
j=1 �j

. SVD entropy is a scalar feature[29].

3.3 Transformed Feature Domain

Studies have shown that dimensionality reduction in the feature set can yield better
results than the original domain[31], For this reason, the features extracted from
DFA, HFD, Hjorth, Fisher and SVD are again decomposed into multiple scales
using DWT.

3.3.1 Discrete Wavelet Transform (DWT)

A wavelet is a time-localized wavelike oscillation. DWT employs a limited collec-
tion of wavelets, which are specified at certain scales and locations. This transform
decomposes the signal into a set of wavelets that are mutually orthogonal.
While analyzing EEG signal, DWT is one of the most widely used techniques because
of its resolution of frequency and time. DWT can be represented by an orthogonal
matrix W of size n×n[32]. Let, x be a vector, its length is n. WT of vector x is
vector y. Here, y = Wx.
But instead of multiplying x by the matrix W to figure out vector y, a more ef-
ficient approach is to use Mallat’s pyramid algorithm to compute the transform.
This algorithm’s stages are as follows: expanding the input vector, filtering it using
particular low-pass and high-pass filters, cropping the center section of the results,
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and decimating the results. The low-pass branch coe�cients are referred to as ”ap-
proximations,” whereas the high-pass branch coe�cients are referred to as ”details.”
This single transformation step can be repeated with the approximations serving as
the input. Transformation depth is defined as the number of such repetitions[32].

3.4 Data Visualisation

We utilized two visualization approaches – t-SNE and statistical testing, to deter-
mine how much better the transformed feature domain is than the original feature
domain and whether or not our model is patient dependent.

3.4.1 t-Distributed Stochastic Neighbor Embedding (t-SNE)

The t-SNE approach is an unsupervised, non-linear technique that is mostly used
for data exploration and visualization of high-dimensional data. Only small pairwise
distances or local similarities are preserved by t-SNE. It has been used to visualize
the data which cannot be separated by a straight line. t-SNE is an iterative sta-
tistical process which visualizes high-dimensional data by giving each datapoint a
location in a two or three-dimensional map.
The t-SNE algorithm has two main stages. First, t-SNE creates a probability distri-
bution from the data where similar data are given a higher probability and dissimilar
data are given a lower probability[33].

pj|i =
exp

⇣
�kxi�xjk2

2�i
2

⌘

P
k 6=i exp

⇣
�kxi�xkk2

2�i
2

⌘

A value of 30 is used here for perplexity. Perplexity is the target number of neighbors
for our central point. Higher perplexity causes higher value variance. The typical
range for perplexity is from 5 to 50. The used perplexity value is then used with
the value of sigma that produces probability distribution using a binary search.
Second, t-SNE creates a low-dimensional space with the same number of points as
in the original space. Which minimizes the KL divergence between the two distri-
butions with respect to the locations of the points in the map[33].

KL(P ||Q) =
X

i 6=j

pij log
pij
qij

t-SNE has been used to plot data from di↵erent patients to study and compare
the data. It has also been used to further study di↵erent features of a patient and
compare between them.
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3.4.2 Statistical Testing

P-value has been used to see how the features are connected to each other and how
they co-relate. It can also be used to compare the distribution of the features. P-
values shows how incompatible the data are with a specific statistical model (usually
with a null-hypothesis). A p-value of less than 0.05 is a cuto↵ point for statistical
significance.[34]
Both patient wise data and multiple patient data have been used to measure the
p-value between seizure and non-seizure states. The pairs taken for p-value are
pre-ictal and ictal, ictal and post-ictal pre-ictal and post-ictal. We have used
Mann-Whitney U test for calculating p values.

3.5 Classifiers

We used three di↵erent classifiers- DTC, RFC, and KNN- to assess the accuracy of
our detection approach in both two (seizure and non-seizure) and four (seizure and
class (ictal, preictal, interictal and postictal).

3.5.1 Decision Tree Classifier (DTC)

DTC is a widely used classifier in classical machine learning approach. It basi-
cally creates a tree structure to predict and make decisions based on the branches.
Branches are created using the outcomes and the leaf nodes are used as classes for
prediction[35]. Entropy has been used as the criterion in DTC.

3.5.2 Random Forest Classifier (RFC)

RFC works in a similar approach to DTC. RFC creates multiple decision trees and
each tree gives us a class prediction. The class with the most prediction is then used
as the primary prediction. RFC is a simple but powerful approach as it uses the
concept of committee in making the decision[36].

3.5.3 KNN Classifier

KNN classification is a simple non-parametric classification method. It identifies the
nearest neighbors and using those neighbors, predict the class. It is a low e�cient
approach but an e↵ective one[37]. KNN classifier also takes another parameter
K along with the data. The K refers to the number of neighbors to take when
classifying. K has been set to 3 for this case.
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Chapter 4

Implementation

4.1 Dataset

4.1.1 Source

The Children’s Hospital Boston Dataset, also known as the ‘CHB-MIT Scalp EEG
Database’[38], [39].

4.1.2 Dataset Description

The dataset recorded at the Children’s Hospital Boston is one of the most widely
used dataset that consists of EEG recordings of 23 pediatric participants who happen
to have medically intractable seizures. All the recordings are grouped into 23 cases
and were collected from 22 participants initially (5 males, ages 3–22; and 17 females,
ages 1.5–19). Later on in December 2010, another participant’s diagnosis was added
which makes a total of 23 patients in this dataset. In the dataset, one of the
female participants has been examined twice (chb21 and chb01). Each case (chb01,
chb02, and so on) contains 9 to 42 continuous .edf files from a single subject. Due
to hardware restrictions, there are pauses between sequentially numbered .edf files
during which the signals are not captured; in most situations, the intervals are
shorter than 10 seconds, but there are times when the gaps are significantly longer.
The .edf files in most cases include exactly one hour of digitized EEG signals, while
those in case chb10 are two hours long, and those in cases chb04, chb06, chb07,
chb09, and chb23 are four hours long.
For each of the patients the data sampling rate is 256 Hz with 16-bit resolution
and there are mostly 23 channels in the edf files. For these EEG recordings the
international 10-20 system of electrode positions and nomenclature had been used.
The file record contains a total of 664 edf files, among those files 129 files contain one
or more seizures. There are a total of 198 seizures in all these files. We are dividing
the epileptic EEG signals in four stages (preictal, ictal, interictal, post ictal) for our
experimental purpose. The preictal phase refers to the time before the seizure, ictal
phase is the time from the start to the end of the seizure activity, interictal phase
indicates the period between seizures and post ictal phase refers to the immediate
period after the seizure ends.
Other signals, such as an ECG signal in the final 36 files of case chb04 and a
VNS signal in the final 18 files of case chb09, are captured in a few records. To
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provide an easy-to-read display style, up to 5 ”dummy” signals (labeled ”-”) were
inserted among the EEG signals in certain situations; these dummy signals can be
disregarded. The tabular data of the dataset can be found in Table- 4.1.

Total number of patients 23 Total number of seizures 198
Age range 1.5-22 Sampling Rate 256 Hz
Total edf files 664 Duration of files 1/2/4 hours
Files with seizure 129 channels per edf file 23-28

Table 4.1: Summary of the CHB-MIT Scalp EEG Database

As mentioned earlier, we have used the international 10-20 system of electrode po-
sitions which is used to record the voluntary EEG. This system helps us to record
the electric potentials on the scalp by using electrodes[40] that we can see in Figure-
4.1. These electrodes are located on the surface of the scalp.

Figure 4.1: The international 10-20 system of electrode position[12]
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4.1.3 Data Sample

Figure 4.2: Sample Data of Non-Seizure Signals of the Dataset

In figure 4.2, we can see a ten second sample data from file 1 of patient 1. This
sample shows the non-seizure readings from the EEG signal.

Figure 4.3: Sample Data of Seizure Signals of the Dataset

In figure 4.3, we can see a ten second sample data from file 3 of patient 1. This
sample shows the seizure readings from the EEG signal.
In both cases, the Y-axis represents the di↵erent electrode sources and the X-axis
represents time.
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4.2 Data Pre-processing

The data sampling rate for each patient is 256 Hz. The number of electrodes and
amount of time a patient has been examined varies from patient to patient. The .edf
files are converted to .csv files where the rows in the initial csv file of each patient
refers to the total number of samples (256 Hz) and the column indicates the number
of electrodes used for that patient’s examination. As per second we get 256 samples,
so in one hour we are getting a total of 921600 samples (when the reading is taken
for one hour for a particular patient). So, the total row count in the initial .csv file
will be 921600.

# FP1-F7 F7-T7 T7-P7 . . . . FT10-T8 T8-P8-1
1 -1.78E-05 3.93E-05 -3.71E-06 . . . . -3.97E-05 -6.00E-05
2 1.95E-07 1.95E-07 1.95E-07 . . . . 1.95E-07 1.95E-07
3 1.95E-07 1.95E-07 1.95E-07 . . . . 1.95E-07 1.95E-07
4 5.86E-07 1.95E-07 1.95E-07 . . . . -1.95E-07 1.95E-07
5 1.95E-07 1.95E-07 1.95E-07 . . . . 1.95E-07 1.95E-07
6 -1.37E-06 1.76E-06 1.95E-07 . . . . 2.54E-06 1.37E-06
. . . . . . . . . . . . . . . . . . . . . . . . . . . .
921599 -8.79E-06 -2.25E-05 6.04E-05 . . . . 3.85E-05 2.64E-05
921600 -4.88E-06 -2.05E-05 5.92E-05 . . . . 3.61E-05 3.22E-05

Table 4.2: Sample of the converted .csv file

Secondly, the channels were separated as individual files. There are 21 general
electrodes that are used to take EEG readings and other virtual electrodes can also
be used. There are approximately around 90-95 channels used in this dataset to
take patient EEG reading. By analyzing all the seizure files, we get to see that
most of the seizure periods were around 45-60 seconds. So, we took a 60 seconds
time frame to divide the entire one hour reading of a patient. Here, most of the
files are converted into a file of 60 windows of each containing 60 seconds of data in
each row. By doing this the resulting input data will be a 60*15360 matrix for each
electrode from each electrode of each file. Thus, by preprocessing the raw dataset
from the patient files, we formed a more e�cient dataset which will help with feature
extraction and further analysis.

1 2 3 . . . . 15359 15360
1 -1.78E-05 1.95E-07 1.95E-07 . . . . -1.58E-05 -1.74E-05
2 -1.66E-05 -8.79E-06 -3.32E-06 . . . . 2.87E-05 3.03E-05
3 2.68E-05 1.89E-05 1.54E-05 . . . . 8.01E-06 1.23E-05
4 1.74E-05 2.01E-05 1.66E-05 . . . . 4.12E-05 4.28E-05
. . . . . . . . . . . . . . . . . . . . . . . . . . . .
59 2.75E-05 2.48E-05 2.13E-05 . . . . 8.79E-06 2.09E-05
60 2.36E-05 2.21E-05 2.40E-05 . . . . -8.79E-06 -4.88E-06

Table 4.3: Sample of the #FP1-F7 electrode readings split into 60 seconds time
windows
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4.3 Feature Extraction

DFA, HFD, Fisher, SVD and HJORTH are used to extract features from the time
windows from each electrode. For DFA, a single row from a file containing the
electrode data has been converted into a 1D array and DFA has been applied on the
array. Since DFA analyzes the fluctuation of the data that are on the same column,
a 1D array has been sent as input and a single scalar value has been returned.
We have also sent each row of data as 1D array for HJORTH feature extraction.
But HJORTH returns a tuple containing 2 values as output which are mobility and
complexity. Here only mobility was used as a feature. The outputs that HJORTH
generates are both scalars. For HFD, the row of data has been converted into a 1D
array and sent as time series and number of iterations (constant K) has been set
to 8. HFD returns a scalar value for each time series which is used as the feature
here. Fisher is widely used to extract features by keeping a constant which is called
Tau (⌧). Here, Tau (⌧) refers to the lag. Moreover, another value is passed in the
parameter which is DE. Both the values were passed as 4 along with a 1D array for
each row in the proposed model. This produces a scalar value for each row as well.
SVD also requires ⌧ which is the delay and DE which is the embedding dimension
in order to extract feature. Here, 2 is used for both cases. Each file contains the
features from the data of a single electrode and their corresponding 4 and 2 class
targeting which we have added using the information given along with the dataset.

DFA HFD FISHER SVD HJORTH 4 class 2 class
0.6139 0.1850 0.9525 0.3189 0.0009 pre ictal non-seizure
0.6202 0.2204 0.9660 0.3254 0.0010 pre ictal non-seizure
0.3873 0.0701 0.7938 0.2556 0.0006 ictal seizure
0.5531 0.1092 0.8047 0.2555 0.0006 ictal seizure
0.9420 0.2902 0.9340 0.3314 0.0011 inter ictal seizure

Table 4.4: Dataset using features extracted using DFA, HFD, Fisher, SVD and
HJORTH

4.4 Feature Domain Transform

The features extracted from DFA, HFD, HJORTH, Fisher and SVD are again de-
composed here into multiple scales using DWT. The multiple scales are then passed
through a high pass filter which gives detailed information and a low pass filter which
gives the approximation co-e�cient[41]. Taking only the approximation co-e�cient
value gives us a reduced dimension of 3 for the features which is used to further
study the classification of di↵erent stages.
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DWT-1 DWT-2 DWT-3 4 class 2 class
0.832372 0.534052 0.89908 pre ictal non-seizure
0.692854 0.556998 0.91325 pre ictal non-seizure
0.341367 0.461581 0.742154 ictal seizure
0.639327 0.486255 0.749723 ictal seizure
1.098111 0.606554 0.894879 inter ictal seizure
1.088935 0.698754 1.108831 inter ictal seizure
0.72514 0.558431 0.852786 inter ictal seizure

Table 4.5: Dataset After Feature Domain is Transformed

4.5 Machine Learning Based Classification

We have used DTC, RFC and KNN classifiers for the classification of data. The data
has been split into 75:25 ratio for training and testing the models. The classification
has been firstly done on the 5 features extracted from DFA, HFD, HJORTH, Fisher
and SVD. Later, the reduced dimension from DWT has been used for classification.
The 2 di↵erent feature extraction methods give us an opportunity to study the
prediction di↵erences. For both data models, the classification has been made in
2 and 4 classes (2 having seizure and non-seizure states and 4 having Pre-Ictal,
Ictal, Inter-Ictal and Post-Ictal states) in order to further make a comparison of the
prediction of the models.
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Chapter 5

Results and Analysis

5.1 Statistical Relationship

Figure 5.1: Bivariate relationships between combinations of features extracted (Sin-
gle Patient)

In figure-5.1 we can see that it is a n*n matrix. Here, n is the features extracted. The
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diagonal plots are specific features in their own domain. For example, in Fisher vs
Fisher domain we can see di↵erent peaks for di↵erent seizure stages. This statistical
relationship was conducted on a single patients file. The features extracted tells
us that there is some sort of correlation amongst them. If we notice one of the
horizontal plots, in SVD vs Fisher there are clusters which may indicate that SVD
and Fisher are one of the visible features that can be used.

Figure 5.2: Bivariate relationships between combinations of features extracted (Mul-
tiple Patient)

While extracting the features for SVD parameters we passed a 1D array and we also
passed the value of Tau and DE as 2 in the parameter. And for fisher the value of
Tau and DE was passed as 4. In figure-5.2 This is a feature plot for multiple patients.
Here we can see that there are no features that can clearly di↵erentiate amongst
the seizure stages. The parameter values for SVD and Fisher feature extraction
techniques were also the same as before.
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5.2 Data Visualisation

In this section there are multiple t-SNE plots to show the correlation ship among
the extracted feature.

Figure 5.3: t-SNE plot of two di↵erent subjects (Feature Cluster)

Figure 5.4: t-SNE plot of two di↵erent subjects (Seizure stages)

In figure- 5.3 we can see a t-SNE plot of multiple subjects in the original feature
domain. This is to show that the features extracted from the same electrode of
two di↵erent patients show di↵erent readings. We can see two di↵erent clusters in
the figure which convey the fact the features extracted are patient based and this
feature extraction-based model is a subject dependent model. All the seizure and
non-seizure stages for the patients are going to be in di↵erent range. So, as a result
the model will fail to detect seizure and non-seizure stages for di↵erent subjects.

23



The t-SNE plot in figure- 5.4 shows t-SNE plot of one patient in the original feature
domain. As it can be seen that there are a few clusters which can indicate the seizure
and non-seizure areas. So, it can be further confirmed that the features extraction
techniques used previously are subject dependent. The model in the original feature
domain can detect seizure and non-seizure areas.

Figure 5.5: Whisker box plot for HFD (single patient)

Figure 5.6: Whisker box plot for DFA (single patient)

In figure- 5.5 the p value test was conducted on the extracted features to prove the
significance of the seizure stages. If the value of p is less than 0.05 it is considered
that the distribution is significant. For p values calculation Mann-Whitney U test
was conducted on the single patient’s file.
As per the figures- 5.5-5.9 it can be seen the p values of seizure and non-seizure are of
significant distribution. For example, in Fisher domain we can see the distribution
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Figure 5.7: Whisker box plot for HJORTH (single patient)

Figure 5.8: Whisker box plot for Fisher (single patient)

Figure 5.9: Whisker box plot for SVD (single patient)
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of ictal and pre ictal and post ictal are significant as the values are well below 0.05.
This goes on to further prove the case that the feature extractors used in this case
are all patient or subject dependent.

5.3 Significance of Transformed Domain

So, in order to perform a better classification of seizure and non-seizure stages the
extracted features were the transformed into DWT. DWT produces two values which
are approximate coe�cient and details coe�cient. The approximate coe�cient has
been considered as features in this case.

Figure 5.10: Whisker box plot for transformed feature domain (Multiple patient:

DWT-1)

Figure 5.11: Whisker box plot for transformed feature domain (Multiple patient:

DWT-2)

26



The figure-5.10 and 5.11 shows the p value significance of the re-extracted features
from the previous 5 features. Which were- HFD, SVD, HJORTH, DFA and Fisher.
The domain transform technique provides two features which can be named as DWT-
1 and DWT-2. The above figure shows that the newly extracted features have been
able to distinguish amongst the 4 stages of seizures with a p value of less than 0.05.
In p test value, a value less than 0.05 between a pair means that the distribution is
significant.

5.4 Classification

5.4.1 Classification using Original Domain Features

For the proposed model three di↵erent type of classifiers have been used, which are-
DTC, RFC and KNN classifier. In the original feature domain 5 feature extraction
techniques were used. In this section two types of classification have been attempted,
which are- 2 class and 4 class. 2 class classification were set as seizure and non-
seizure and 4 class classification was set as pre ictal, ictal, inter ictal and post ictal.
This feature classification was based on multiple patients who has multiple seizure
occurrences. The patients who were selected are patient-6, 9, 10, 12, 15, 17 and 22.
The classification performance of the aforementioned classifier techniques on the
original feature extraction domain are given in table-5.1 and table-5.2. The tabular
data shows the classification accuracy of the classifiers in original domain.

Single Subject (Original Domain)

Classifier 2 Class (accuracy) 4 Class (accuracy)

Decision Tree Classifier 75.0% 66.67%

Random Forrest Classifier 91.0% 75.0%

KNN Classifier 91.67% 78.72%

Table 5.1: Single Subject Classification in Original Feature Domain

Multiple Subject (Original Domain)

Classifier 2 Class (accuracy) 4 Class (accuracy)

Decision Tree Classifier 86.11% 80.55%

Random Forrest Classifier 91.67% 86.11%

KNN Classifier 63.89% 61.11%

Table 5.2: Multiple Subject Classification in Original Feature Domain
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5.4.2 Classification using Transformed Domain Features

As it can be said that the feature extraction methods that were used have been
subject dependent, this model proposes a novel method to extract features from the
previously extracted features using DWT. The classifiers that were used previously
have also been used in this section. The achieved classification results are given in
table-5.3. The tabular data shows the classification accuracy of the classifiers in
transformed domain. The test subjects in this case are also the same as the cases
in original domain.

Single Subject (Transformed Domain)

Classifier 2 Class (accuracy) 4 Class (accuracy)

Decision Tree Classifier 91.67% 66.67%

Random Forrest Classifier 83.33% 58.33%

KNN Classifier 87.67% 66.67%

Table 5.3: Single Subject Classification in Transformed Feature Domain

Multiple Subject (Transformed Domain)

Classifier 2 Class (accuracy) 4 Class (accuracy)

Decision Tree Classifier 97.22% 91.67%

Random Forrest Classifier 100% 91.67%

KNN Classifier 83.33% 80.56%

Table 5.4: Multiple Subject Classification in Transformed Feature Domain

It can be seen in table- 5.3 that all the classifier has performed better in the trans-
formed domain compared to the original domain. KNN classifier has achieved visibly
higher accuracy compared to what it achieved in the original domain. But in table-
5.4 it can be seen that the features for single patient is not e↵ective while detecting
4 classes. So, it can be said that DWT transformed features are e↵ectively better
for multiple test subjects.
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Chapter 6

Conclusion

In this paper, we have proposed a novel method for detecting epileptic seizures. We
have used di↵erent feature extraction methods like - DFA, HFD, HJORTH param-
eters, Fisher and SVD in order to extract the features from the EEG signals. All
of these feature extraction approaches are assisting us in determining the frequency
of the seizures. Following that, the original domain of the extracted features are
transformed using DWT. DWT is employed to transfer the signal in the time do-
main[42]. By doing this transformation we are able to accurately determine the
time period of distinct seizure stages such as ictal, pre ictal, inter ictal, and post
ictal. On the transformed domain, we have utilized three di↵erent classifiers- DTC,
RFC, and KNN to determine the accuracy of our detection technique in both 2 class
(seizure and non-seizure) and 4 class (seizure and class (ictal, preictal, inter ictal
and post ictal). Our accuracy rate in 2 class classification is extremely outstanding,
with 97.22% in DTC, 100% in RFC, and 82.33% in KNN. On the other hand, our
accuracy in four class classification is 91.67% in both DTC and RFC, and 80.56%
in KNN. This better accuracy rate clearly demonstrates how our proposed model
outperforms the state-of-the-art models.
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