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Abstract

It is estimated that 65 million people worldwide have epilepsy, and
many of them have uncontrollable seizures even with the use of
medication. A seizure occurs when the normal electrical activity
of the brain is interrupted by sudden and unusually intense bursts
of electrical energy, and these bursts can be observed and detected
by the use of an electroencephalograph (EEG) machine. This work
presents an algorithm that monitors subtle changes in scalp EEG
characteristics to predict seizures. The algorithm is built to cali-
brate itself to every speci�c patient based on recorded data, and is
computationally e�cient enough for future on-line applications.

The presented algorithm performs ICA-based artifact �ltering
and Lasso-based feature selection from a large array of statistical
features. Classi�cation is based on a neural network using Bayesian
regularized backpropagation.

The selected method was able to classify 4 second long pre-
ictal segments with an average sensitivity of 99.53% and an average
speci�city of 99.9% when tested on 15 di�erent patients from the
CHB-MIT database.

Keywords: epilepsy, neural network, independent component anal-
ysis
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Chapter 1

Introduction

1.1 Background

Epilepsy is one of the most common neurological diseases, with roughly
50 million people a�ected worldwide [1]. Its main characteristic symp-
tom is the seizure, a burst of electrical activity in the brain that causes
involuntary movements in parts of the body or the whole body, some-
times accompanied by loss of consciousness. The disease can debilitate
or outright kill su�erers, especially in countries where treatment and
other methods of assistance are scarce. Figure 1.1 shows the age-adjusted
disability-adjusted life year statistics form a 2004 WHO estimate.

Figure 1.1: DALY rates from epilepsy (per 100,000 inhabitants). [2]

About 70 percent of epilepsy su�erers can be successfully treated with
medication, preventing symptoms to surface. The remaining minority;
however, will relapse or develop chronic epilepsy, causing them to have
recurring seizures for the rest of their lives [3]. There are many side e�ects
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Chapter 1. Introduction 2

to this condition such as depression, memory loss or even sudden death,
but the most common problem of chronic epilepsy is the unpredictabil-
ity and suddenness of seizures which makes victims prone to accidents
and injuries, as well as making many aspects of everyday life di�cult or
impossible. This paper focuses on creating a method to detect a seizure
event early (before the patient exhibits physical symptoms), allowing
time to ensure the safety and well-being of the patient before they lose
consciousness.

Electroencephalography (EEG) is a medical technology to measure
the electrical activity of the brain. During the measurement, electrodes
are placed along the scalp of the patient, with each electrode connected
to the measurement system by a single wire. Electrodes are typically
placed according to the international 10-20 system [4]. This is a standard
method that ensures repeatability and that the di�erent patients' results
are comparable to each other. Figure 1.2 shows the location of each
electrode in the system. The area covered by each electrode corresponds
to a brain lobe underneath. Electrodes with F marking are placed on top
of the frontal lobe, T stands for temporal lobe, P for parietal lobe and
O for occipital lobe. Electrodes marked as C are central. Aside from the
electrodes depicted here, extra ones can be placed in between to increase
the spatial resolution if necessary. Some applications use a mesh of over
100 electrodes.
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Figure 1.2: The international 10-20 standard electrode placement.[5]

EEG is typically performed as a di�erential voltage measurement.
This means that for each channel recorded, there are two voltage lev-
els being measured using and analog-to-digital converter, and then the
di�erence between these two will be the channel value. Typically, the
voltage di�erence between two standard electrodes is calculated. Some
systems also use a common reference channel that is connected to a ref-
erence electrode near the subject's ear. Before the measurement is taken,
analog �ltering is done to reduce the e�ects of noise. Almost all electri-
cal brain activity measured on a scalp EEG happens on low frequencies
below 50 Hz. Figure 1.3 shows the typical frequency spectrum of a scalp
EEG measurement. To capture this band, a measurement speed of 100
samples/second or more must be chosen. Most EEG systems also per-
form notch �ltering to remove the 50 Hz or 60 Hz disturbance coming
from the AC power socket.



Chapter 1. Introduction 4

Figure 1.3: Typical EEG spectrum [6]

1.2 Problem description

While EEG has classically been used to diagnose and characterize epilepsy,
there is growing interest in also using it for as a seizure prediction tool.
There are many challenges is creating a practical EEG seizure predictor,
we will brie�y examine the most important ones below.

EEG signal is very weak and susceptible to noise. The typical scalp
EEG measurement records voltage levels in the 100 µV range [6]. This
means that the signal is very susceptible to noise from many di�erent
sources. Muscles, for example, are moved by electrical signals and there-
fore any movement of the patient can generate electrical disturbance.
This is especially true for facial muscles, eye movement, blinking and
even the subject's heartbeat. Noise can also come from external sources
like the power line and electronic equipment. Even the electrical connec-
tion between the patient's skin and the electrode can cause noise in the
measurement, as insulation resistance of the skin or the ionic potential of
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sweat glands may change [7]. If the measurement is not performed in a
laboratory setup but during the patient's everyday life, the amount and
variety of noise is guaranteed to increase. Therefore the seizure predic-
tion algorithm has to be able to handle various types of noise and ensure
that even strong noise does not interfere with the detection process.

Changes in the signal before a seizure are not de�nitive, but statis-
tical. Unlike in classical epilepsy diagnosis, when the morphology of the
signal an be directly examined, there is no direct changes in signal shape
before a seizure. Only if the signal is observed for a longer period of time
do some of its statistical di�erences show a di�erence [8]. The predictor
algorithm has to be based on these statistical changes.

Another great obstacle for seizure prediction is that the di�erence
in signal statistics before the seizure can greatly di�er from patient to
patient. The region of the brain that generates seizures as well as the
genesis mechanism is greatly varied if not unique. About 60% of patients
focal seizures where only part of the brain seizes, and the patient fully or
partially retains awareness [9]. Other types of seizures where the patient
completely loses consciousness are also varied. Classi�cation of these is
done by looking at the clinical e�ects [9], but they do show di�erences
in EEG as well. In conclusion, a practical seizure predictor has to be
customizable to the individual patient's symptoms.

The algorithm has to be computationally e�cient enough to handle
live data. EEG is a multi-channel measurement and all the complex cal-
culations of �ltering, analysis and classi�cation have to be executed as
soon as they become available. The processing time has to be fast enough
to be able to process all incoming data without delaying seizure detection.

Finally, the algorithm has to be very reliable with high recognition
rate and low false alarm rate. When an alarm occurs, the patient and/or
their caretakers will have to act and prepare for the incoming seizure. If
false alarms often happen, that will mean a lot of wasted e�ort preparing
for seizures that will not happen. If false alarms happen frequently, the
patient will just ignore all alarms after a while. On the other hand if
some seizures are not predicted, the patient could fall unconscious in a
very dangerous situation, especially if they came to rely on the detection.
Therefore in the algorithm, sensitivity and speci�city needs to be both
very high.
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1.3 Solution proposition

To handle these di�erent and often con�icting requirements a predic-
tion system is proposed that combines recent advances in EEG data
�ltering with a rich feature pool and �ne-tuned neural network. The
algorithm is implemented in MATLAB and uses the methods that show
the best performance based on the results using real data. The system
has a learning/setup phase where it uses labeled o�-line data to create
the best match for a particular patient. The patient-speci�c features
are calculated and classi�ed using a fast and scalable solution that can
be implemented in a mobile device or accessory. The �nal algorithm is
tested on real patient data.

1.4 Thesis outline

In chapter 2, we brie�y examine the research related to EEG based seizure
prediction and its current results. In chapter 3, the proposed system is
described in detail, including the di�erent techniques used and their pa-
rameters. All results obtained are presented and discussed in chapter 4.
Finally, we discuss the conclusions of the project and draft our future
plans for further development in chapter 5.
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Related Work

EEG technology is one of the oldest electrical devices used in medical
technology, with the �rst human EEG recorded by Hans Berger in 1924
[10]. A decade later it was already shown that for patients su�ering
from epilepsy, certain patterns called epileptiform spikes and waves are
detectable. Some examples of such shapes are pictured in �gure 2.1.
Finding these patterns in EEG recordings has been used for the diagno-
sis and classi�cation of epilepsy since their discovery.

Figure 2.1: Typical epileptiform patterns [11]

With the advances of semiconductor technology, EEG recordings also
became digital and this opened up the possibilities for automated data
processing. At the same time, EEG devices became smaller and more
precise, allowing for a mobile and cheap interfacing between brain sig-
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nals and digital electronics. Indeed there have been many projects in
recent years that used the EEG as a brain-computer interface, allowing
the subject to control simple systems with thought alone [12], [13].

For epilepsy research, there are two main applications of digital sig-
nal processing, seizure event detectors and seizure onset detectors. Event
detection is the processing of o�-line data to �nd patterns or waveforms
connected to seizures or epileptiform activity [14]. As EEG recordings are
typically very long multichannel measurements, it is very time-consuming
for the neurologist to look through all records manually, and an auto-
mated system can help to �nd sections of interest quickly. For these
applications, the program performs classical morphological evaluations,
and attempts to �nd the same patterns and forms that a neurologist
would look for.

Seizure onset detectors instead attempt to process online data, and
attempt to detect of a seizure event before the patient exhibits physical
symptoms. For onset detectors, future data is not available, and they
only have very limited time to perform the required evaluations. Once
a seizure is detected, the alarm allows appropriate action to ensure the
safety and well-being of the patient before they lose consciousness.

Figure 2.2: Typical seizure stages [15]

Figure 2.2 shows a typical seizure occurence in stages. The �ow of
a naturally occuring seizure consists of an inter-ictal (baseline activity),
pre-ictal (before the seizure), ictal (during the seizure) and post-ictal sec-
tions. The inter-ictal stage also contains epileptiform patters, and its not
static in nature, but changes according to the consciousness and brain
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activity of the patient. Then before the seizure, the brain transitions
into the pre-ictal stage. Whether this transition is sudden or gradual is
still being researched, as well as the assumed length of this stage. Unlike
the pre-ictal state, the ictal period is well de�ned, as a seizure has a
marked and noticeable change in the EEG. It is interesting to note that
the seizure only has clinical symptoms after the onset. The seizure onset
period (SOP) is the time between the beginning of the ictal phase and
the �rst clinical signs of the seizure. Until the onset, the seizure is only
detectable on the EEG, and only secondary signs can point to it. After
the seizure has passed, the patient enters the post-ictal stage. This is
similar to the inter-ictal phase, except for the fact that most patients are
more resistant to subsequent seizures in this stage.

A seizure predictor device has to raise an alarm sometime during the
preictal stage. The seizure prediction horizon (SPH) is the time between
the alarm and the start of the ictal state. The SPH and SOP together
is the amount of time available to secure the patient to prevent any
accidents or danger during the seizure.

For the purposes of this research, the nature of the pre-ictal state is
the most crucial, since its length and di�erences form the inter-ictal state
determines whether seizures can be predicted accurately. Research shows
that many patients experience subjective signs such as mood changes,
restlessness, confusion, irritability and myoclonic jerks in the pre-ictal
state [16], and about 80 percent of su�erers have "auras", olefactory or
auditory hallucinations that occur before the seizure. Multiple research
groups report �ndings that this pre-ictal state exists and is also detectable
on EEG recordings [8].

The �rst major work for a practical implementation of seizure pre-
diction was presented by D'Alessandro et al. [17] in 2003. For patients'
records were analyzed and the system provided a block sensitivity of
62.5% with a specitivity of 90.47%, meaning an average false positive
rate of about 0.2775 per hour. Among the main �ndings were the large
di�erences between individual patients. A multivariate approach used by
Schad et al. [18] was able to reach sensitivities up to 73% with 0.15 false
predictions per hour using simultaneously recorded intracranial and scalp
EEG. Another method of least square parameter estimation and support
vector machines [19] provided 100% sensitivity with low false positive
rate using the intracranial Freiburg dataset containing the records of 21
patients recorded during presurgical monitoring [20]. Using the same
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dataset, a low-complexity method was developed with an average of 5
features examined, reaching an average sensitivity of 94.375% for a total
of 71 seizure events with a false alarm rate of 0.13 per hour [21]. The high-
est sensitivity and specitivity for the same dataset was reported by Sahar
Nesaei and Ahmad R. Sharafat [15], by using the largest Lyapunov ex-
ponent and the discrete wavelet packet transform of the segmented EEG
signals. Other methods such as pre-ictal relabeling [22] and frequency
domain features [23] have also reported promising results.

Figure 2.3: Example of intracranial EEG setup

Most of current active research for predictive seizure detection focuses
on intracranial EEG [15], [17], [19]�[21] (also called electrocorticography
or ECoG), meaning that the electrodes were placed inside of the skull via
surgery. An example of such a setup can be seen on �gure 2.3. The metal
in the electrodes show up as bright dots on the CT scan. This method
has a number of advantages over scalp EEG. The signal levels are signif-
icantly higher, usually in the 1-5 mV range. Additive noise from eye and
muscle movement is much smaller, and deeper regions of the brain such
as the thalamus can be monitored. Lastly, some high-frequency com-
ponents that are too weak for scalp EEG to detect are observable with
ECoG. Because of these advantages, high detection rate and accuracy is
achievable using these systems.

Even with these advantages, in this thesis we chose to focus on the
classical scalp EEG measurement. This makes noise artifacts bigger, and
many smaller components are pushed below the noise �oor. However,
scalp EEG is a noninvasive, meaning that the patient does not have to
undergo brain surgery to have the device installed. Scalp EEG o�ers the
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possibility of having a wired or wireless accessory perform the measure-
ment. This device can be worn at the patient's convenience and could
even be used for successfully medicated patients, where seizures only oc-
cur for a limited period of time. Also while the detection algorithm has to
be customized for every patient, the device itself can be mass-produced
and can provide a cost-e�ective and safe alternative to intracranial im-
plants.

This thesis work uses some �ndings of intracranial research and com-
bines it with intelligent artifact �ltering and patient-based feature selec-
tion to reproduce the same high sensitivity and speci�city for scalp EEG
recordings.



Chapter 3

Proposed Method

An overview of the proposed system can be seen on �gure 3.1. First,
the data is �ltered to remove unwanted components and noise. The data
is then divided into segments, where signal features are then extracted
from each segment. The feature set is reduced by selecting the features
that have the largest impact on classi�cation. Finally, each segment is
classi�ed using a feed-forward neural network. Each stage of the process
is described in detail in the following sections.

Figure 3.1: Flowchart of the Proposed Method
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3.1 Preprocessing

EEG data, especially when measured from the scalp, is inherently very
noisy, as the signal levels are typically on the scale of a few 100 µV, and
therefore can easily become tainted by other electric interference. The
most typical noise sources are the movement of the eyes and various fa-
cial muscles, blinking and the heartbeat. Since these artifacts often have
a large impact on the signal level, their interference must be removed
before attempting to classify the signal. The proposed system uses In-
dependent Component Analysis (ICA), fractal dimension analysis and
power spectral density to remove these artifacts.

Independent Component Analysis, as the name implies, attempts to
�nd statistically separate components in the EEG signals. The method
assumes that there is s ∈ Rn vector of statistically independent sources.
These sources are not observed directly, but an input vector

x = As (3.1)

is measured, where x is the input vector, s is the source vector and
A is an unknown n-by-n matrix called the mixing matrix. The goal of
the calculation is to recover the original sources from a limited amount
of observations. In other words, the inverse of matrix A must be found

W = A−1. (3.2)

The matrix W is also called the unmixing matrix. Scaling informa-
tion cannot be uncovered. If matrix A is scaled by any scalar α, and
vector s is scaled by 1

α
, the input vector does not change. Similarly, if

the order of sources is modi�ed, rows of matrix A can be reordered the
same way to produce the same input vector x. These limitations pose no
problem for our application, as artifact detection is based only on shape
and frequency content of the uncovered source.

The other important limitation of independent component analysis is
that the method is only applicable to non-Gaussian sources. This is be-
cause linear transformations of Gaussian processes will also be Gaussian,
so mixing matrix A can not be unambiguously determined.

There are multiple available implementations of ICA available, and
for this thesis, the FastICA algorithm [24] was selected. FastICA o�ers
some advantages compared to other algorithms, it converges fast and is
simple to implement, and it may be the most suited to EEG signal and its
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applications. FastICA is based on mutual information of the input vector
elements. To understand how this mutual information is measured, �rst
we need to de�ne di�erential entropy for a random vector x as

H(x) = −
∫
f(x) log f(x) dx, (3.3)

where f(x) denotes the density of x. Then, the negetropy of the same
vector can be de�ned as

J(x) = −H(xgauss)−H(x), (3.4)

where xgauss is a random vector with a Gaussian distribution which
has the same covariance vector as x. This negetropy can be interpreted
as the measure of how non-Gaussian the vector x is. Using negetropy,
the mutual information between vector elements can be expressed as

I(x1, x2, .., xn) = J(x)−
∑
i

J(xi). (3.5)

Because the sources of ICA are assumed to be uncorrelated, we calcu-
late unmixing matrix W to minimize mutual information between com-
ponents of source vector s. This is equivalent to �nding linear combi-
nations of input vector x in which negetropy is maximised. FastICA
iteratively calculates each column of unmixing matrix W by performing
this maximization process.

Using the FastICA algorithm, the �ltering is performed using the fol-
lowing steps:

1. Estimate signal sources using the FastICA algorithm.

2. Search each source for various noise artifacts.

3. Mix the discovered artifacts using the inverse of demixing matrix
W and remove them from the original data.

The assumptions set by independent component analysis �t EEG data
well, especially when looking at di�erent artifacts. A good example of
this can be seem �gure 3.2 that shows a blink artifact.
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Figure 3.2: Blink artifact [25]

The artifact shows up on multiple channels with di�erent amplitudes,
and ICA enables us to �lter all a�ected channels at once, as long as the
artifact is found.

The current system performs two types of artifact �ltering, where
one is based on relative Power Spectrum Density (PSD) and the other
on fractal dimensionality.

PSD-based �ltering is used to detect electromuscular activity, and is
simply a close observation of the sources' frequency content. Most of the
measured brain activity happens at frequencies below 50 Hz [25], there-
fore most of the signal power is at those frequencies. If a source has much
relative power at a higher frequency, it likely originates from electromus-
cular activity instead of brain activity, and thus can be removed. The
algorithm is performed as follows:

1. The PSD estimate of each source is calculated.

2. The PSD is summed for frequencies above 40 Hz and below 40 Hz.
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3. The source is considered artifact of the power above 40 Hz is not
at least 10 dB higher.

Ocular artifacts (caused by movements of the eye and eyelids) are
detected using the fractal dimensonality index. These artifacts are es-
pecially important to �lter since they produce high voltage �uctuations
and spikes at the frontal electrodes of the EEG, and therefore can pro-
duce large changes in the signal features, decreasing the sensitivity of the
algorithm. An example of an ocular waveform is shown on �gure 3.3.

Figure 3.3: Ocular artifact example [26]

Fractal Dimension Index (FDI) is a measure of signal complexity. To
de�ne it in simple terms, it is a measure of how the signal curve length
changes depending on the scale at which it is measured. For very linear
signals, the length of the curve does not change much even if we just
measure the distance between the �rst and last point. These type of
signals will have an FDI that is close to 1.0 (one dimension, line). For
signals that have a lot of oscillation, the length of the signal curve will
be far greater than the distance of signal points far apart. These type of
signals will have an FDI that is close to 2.0 (two dimensions, plane). FDI
can also be considered as a measure of how well a curve �lls out space
and will have a value between 1.0 and 2.0.

Using FDI as an artifact detector is based on the idea that an ocular
artifact, compared to regular brain activity, is a much simpler system.
So as the patient blinks or moves his eyes, the normally complex brain
signals get overshadowed by the ocular peak, and gets its complexity re-
duced as a result. This reduction of complexity is used for detection [27].
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The FDI can be calculated using many di�erent algorithms, for in-
stances, Higuchi's Algorithm, Katz's Algorithm, Petrosian's Algorithm
[28] and Sevcik's Algorithm [29]. Sevcik's Algorithm is used in this thesis
due to the robustness to noise and computations are faster then other
algorithms [27].

To calculate the fractal dimension (FD), consider two vectors of length
N , y is sampled from an EEG waveform between time zero and tmax, and
x is the time when each sample was recorded. Sevcik's Algorithm maps
the waveform into a unit square by assigning a new value to each element
in x and y [27]

x∗i =
xi
xmax

, y∗i =
yi − ymax
ymax − ymin

, (3.6)

where xi and yi are elements of x and y, xmax is the maximum value
in x, ymax is the maximum value in y and ymin is the minimum value in
y. Then the fractal dimension (FD) of the signal is approximated by

FD = 1 +
ln(L) + ln(2)

ln(2N ′)
(3.7)

where L refers to the length of the curve in the unit square and
N

′
= N − 1 [29].
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3.2 Feature Extraction

All features are extracted from the �ltered signal. To be able to monitor
how feature values change in time, the signal is separated into segments.
In the proposed system, each segment was chosen to be 4 seconds long,
with a two second overlap between them. This gives 1024 samples per
channel for each segment and 1799 segments for each recorded hour of
EEG.

It is important to note that all features listed here (except for total
entropy) are calculated separately for every channel. This is a consider-
able computational workload, but it is only necessary during the training
phase of the classi�cation network. Once the network has been success-
fully trained, only the features that are selected to be most important
take part in the classi�cation, reducing computation time considerably.

The following features are extracted from the signal: energy, energy
variance, long-term energy, skewness, kurtosis, Fourier entropy, approxi-
mate entropy, long-term Fourier entropy, wavelet energy, wavelet energy
variance, wavelet skewness and wavelet kurtosis. Each of these are de-
scribed shortly in the sections below.

3.2.1 Energy and Energy Variance

Energy indicates the strength of the signal as it gives the area under the
curve of power at any interval of time. The energy of EEG signal with
speci�c length is de�ned as

Energy =
N∑
n=1

|x(n)|2 (3.8)

The observation of energy before an epileptic seizure is one of most
important features, as it is easy to observe and is well known to increase
during an ictal phase [27]. The variance of energy is de�ned as

Variance = E
{

(x(n)− µ)2
}
, (3.9)

where µ is the mean of the signal.
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3.2.2 Long-term energy

Some research [8] indicates that long term changes in the signal energy
can also have a correlation with changes in an epileptic brain before the
seizure. The proposed system uses a low-pass FIR �lter to accentuate
slow-changing trends in signal energy.

3.2.3 Skewness

Skewness is de�ned as third moment value of signal and it is measure the
lack of symmetry in the dataset, Skewness is de�ned for EEG waveform
by the following equation:

Skewness =
E
{

(x(n)− µ)3
}

σ3
, (3.10)

where µ and σ are the mean and standard deviation of the signal.
Skewness will be zero for signals with a symmetric distribution, whereas
a large value means an asymmetric signal.

3.2.4 Kurtosis

Kurtosis is de�ned as fourth moment value of signal and it is measure
the peakedness or �atness in the dataset, Kurtosis is de�ned for EEG
waveform by

Kurtosis =
E
{

(x(n)− µ)4
}

σ4
, (3.11)

where µ and σ are the mean and standard deviation of the signal.
Many transient peaks will cause the signal to have high kurtosis and
therefore it can be a good metric to �nd abnormalities.

3.2.5 Fourier entropy

Entropy, as de�ned for a statistical process x is

H(x) = −
N∑
i=1

p(xi) log10 p(xi), (3.12)
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where x = {x1, x2, ..xN} are the possible values the process can take and
p(xi) is the probability of xi. From its de�nition, it is apparent that en-
tropy is 0 for completely determined processes, and is maximized when all
possible states are equiprobable, which makes it a generic measurement
for system predictability. EEG signals are typically very unpredictable,
as the brain is a massively complex organ and the signal is a summa-
tion of many forms and areas of electrical communication. Ictal activity
is typically more deterministic, as large areas start to oscillate together
during the seizure. This makes entropy a worthwhile metric to monitor
for classi�cation purposes.

Entropy cannot be directly measured from the signal as underlying
probabilities are unknown, but can be estimated in multiple ways. One
of the easiest methods to implement is to correlate entropy with the
normalized Fourier transform of the signal, denoted as Fourier entropy.
It is calculated as

H(x) = −
N∑
i=1

X(fi) log10X(fi), (3.13)

where X(f) is the normalized Fourier transform of signal x. The
closer the signal is to white noise, the higher its Fourier entropy will be.
Long-term Fourier entropy is calculated by treating the Fourier entropy of
subsequent segments as a signal and �ltering it with a low-pass FIR �lter.

3.2.6 Approximate entropy

Another estimation method for entropy is based on calculating its his-
togram. The signal histogram is normalized and treated as a probability
distribution. In the proposed system, a single histogram is used for all
channels together, with signal intensities sorted into 256 bins.

3.2.7 Wavelet-based measurements

Wavelet-based measurements have played an important role in many dif-
ferent studies on EEG classi�cation [30]. The discrete wavelet decompo-
sition is a powerful tool to take a focused look on di�erent bands (alpha,
beta, gamma, theta) of an EEG signal. The wavelet transform can be
continuous or discrete. Continuous wavelet transform is de�ned as
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CWT (a, b) =

∫ ∞
−∞

x(t)Ψa,b(t) dt, (3.14)

where x(t) is the observed signal, a represents the scaling factor or
dilation of the wavelet and b is the translation of the wavelet function
along the time axis. Ψ(t) is the original wavelet function and Ψa,b(t) is
produced by

Ψa,b(t) =
1√
‖a‖

Ψ

(
t− b
a

)
, (3.15)

so that the wavelet is scaled to dilation a and to time b. In continuous
time, parameters a and b are also continuous, but for digital processing,
they must be quantized to integer sample counts. The technique as a
whole can be thought as an extension of the Fourier transform that al-
lows multiple scales in frequency or time. This attribute means that it is
possible to increase frequency resolution at low frequencies by decreasing
time resolution.

For discrete wavelet transform, the scaling parameter a if further
constrained such as that it is always discretized to integer powers of 2.
In the proposed system, the EEG signals are decomposed into �ve sub-
bands using four levels DWT with fourth-order Daubechies (db4) wavelet
[31], [32]. The base wavelet function is depicted in �gure 3.4.
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Figure 3.4: Daubechies db4 wavelet function

As the original signal is sampled at 256 Hz, decomposing it using this
wavelet provides the following frequency bands of interest: Delta(0.5− 4
Hz), Theta(4−8 Hz), Alpha(8−12 Hz), Beta(13−30 Hz) and Gamma(30−
60 Hz). DWT is determined by

f(t) = AM +
M∑
s=1

Ds, (3.16)

where M is the level or the layer of decomposition process and it
is equal for 4 in this thesis, AM is the low pass component, and Ds is
the decomposed frequency band at level s. Discrete Wavelet Transform
(DWT) decomposes the EEG signal as shown in �gure 3.5.
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Figure 3.5: Four-level DWT decomposition

In the �rst layer, the EEG datasets are passed through a low-pass
�lter (LP) and high-pass �lter (HP). The output of the low-pass �lter is
referred to as the approximation (Ax), and the high-bass �lter puts out
the matching subcomponent (Dx) . The procedure repeats until getting
D1-D6 and A7, those values indicate to Gamma, Beta, Alpha, Theta and
Delta, respectively. In every layer, the frequency resolution is doubled
and the time resolution is halved by a down-sampling process [31].

After the wavelet decomposition, each subband of each channel is
treated as a separate signal, and gets its energy, energy variance, skew-
ness and kurtosis measured with the methods described above.

3.3 Dimension Reduction

The system collects 35 separate features for each channel, and the typical
channel count of EEG recordings is 23-28 in our �les. This number is
too high for even a simply structured classi�cation network to handle,
and creates the need to decrease the number of features without discard-
ing important information held within them. Out of the many di�erent
regression options, the proposed system uses the Lasso algorithm [33].
Other methods such as Linear Discriminant Analysis (LDA) [34] has
also been tested, but the results were much less stable or reliable. Lasso
is also proven to be e�ective for very high number of features with a
low number of observations and in cases where correlation between some
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features is high [35], as is often the case with EEG data.

Lasso regression uses a set of feature vectors x and outcome measure-
ments y to create a linear model of the system

ŷ = b' · x, (3.17)

where ŷ is an estimation of the system constructed in such a way that
it minimizes the error vector

ε =
∑

(y − ŷ)2 (3.18)

Also, each element of coe�cient vector b is bounded and cannot be
greater in absolute value that the tuning parameter B. For large values
of B, this limitation has no practical e�ect and the solution is a linear
least square regression of y. For smaller values of B, the solution is
compressed and many coe�cients with low correlation to the output are
pushed down to 0.

To �nd the optimal value of B, the regression is run using 100 times,
using a di�erent value for B each time. The highest value denoted as
Bmax is the lowest value that produces a nonzero regression vector, and
all other values are linearly spaced between Bmax and 0. Then, the lin-
ear representation ŷ where the mean square error is the smallest is chosen.

Features are selected based on the coe�cients' absolute value of this
best representation of ŷ. The process does not modify or create fea-
tures, only selects the ones that are most e�ectively di�erentiate between
classes. In the proposed system, 30 features were selected.

3.4 Classi�cation

The selected features were fed into the classi�cation algorithm. Not all
segments were used in the network training process, they were selected
based on the following criteria:

Interictal segments were taken from �les which contained no seizures.
Since the recordings were not continuous (there was some unrecorded
time between each �le), here was a possibility that the patient had a
seizure right before or after a particular recording. This would cause the
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segments to have post-ictal or pre-ictal characteristics. Therefore, only
the middle of each segment (28-32 minutes from a 1 hour long record)
was considered a guaranteed inter-ictal segment.

Ictal segments were taken from the annotated ictal periods from �les
containing 1 or more seizure. A segment was only ictal if the entire 4
second duration was within the annotated period.

Preictal segments were selected to be in the prediction horizon of the
annotated seizure. The prediction horizon was chosen to be the 30-180
second interval before the seizure start.

The classi�er was selected to be a standard feed-forward neural net-
work. A sketch of such an network is depicted on �gure 3.6.

Figure 3.6: Multi-layer neural network (source:technobium.com)

Multiple training algorithms were tested, with the Bayesian regular-
ization backpropagation [36], [37] producing the best results. The se-
lected neural network consists of 15 and 10 neurons in its hidden layers,
and three output neurons corresponding to inter-ictal, pre-ictal and ictal
classes respectively. The network has 30 input neurons and its inputs are
selected features for each patients. The selection process is described in
the previous section. For each layer of the network, a symmetric sigmoid
function as the neuron activation function. The network is unbiased.
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Evaluation

In this section we present the results obtained from using evaluating the
proposed algorithm on real EEG data.

4.1 Materials

The EEG data used by this paper was made available by a team of re-
searchers from the Boston Children's Hospital and the Massachusetts In-
stitute of Technology [38]. It consists of recordings from 24 children and
young adults aged 1.5-22, all of them su�ering from intractable seizures.
These patients were withdrawn epilepsy medication for up to a few days
and then placed under EEG monitoring as a part of their assessment for
epileptic surgery.

The recordings are mostly one hour long and are recorded at 256
samples per second, at a resolution of 16 bits. Each record contains mea-
surements from at least 23 electrodes, which were placed in accordance
with the international 10-20 system [4]. There are 664 recordings in to-
tal, and 129 out of those contain one or more seizures. These �les are
annotated by a human expert and they indicate where each seizure starts
and ends in seconds.

26
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Figure 4.1: EEG data example, one channel

Figure 4.1 shows one channel of a single record, with the seizure pe-
riod highlighted in red. The ictal period clearly shows an increased neural
activity during the seizure, with higher amplitudes in the measurement.
A complete record is displayed in �gure 4.2 with the annotated seizure
period marked in red. It shows that the most channels have similar data,
and each larger change is visible on several channels.

Figure 4.2: EEG data example, all channels

In this thesis data from 15 patients in the database was used. The
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selection was based on channel data that was consistent between record-
ings and there were enough inter-ictal and ictal examples available.

4.2 Filtering Results

Filtering was performed on complete recordings. As described in the pre-
vious chapter, the �rst stage of �ltering was to separate the channel data
using FastICA. An example of these independent components created is
shown on �gure 4.3.

Figure 4.3: Independent components in EEG data

It can be seen that these components are much less homogeneous
than in the original recording, and speci�c spikes or waves only show up
in one speci�c component at a time. It is important to note however,
that the components created this way are normalized, and therefore the
amplitude of the spikes are not relevant. The independent components
are examined using the two artifact detection methods (PSD and FDI)
described in the previous chapter. Figure 4.4 shows all artifacts detected
in a recording.
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Figure 4.4: Artifacts detected in EEG recording

The bottom two components in �gure 4.4 are marked as artifacts in
their entire length. These were detected by the PSD measurement, and
were deemed to be artifacts because they had too much relative signal
power above the 40 Hz threshold. The rest of the channels have sporadic
artifacts detected in them, these were found by FDI detection.

The results of �ltering are easier to observe in the frequency spectrum
of the signal. A spectrogram of a complete recording is shown on �gure
4.5. A spectrogram of the same recording after it has been �ltered is
presented on �gure 4.6. Comparing these two �gures, it clearly shows
that high-frequency components have been signi�cantly reduced. Since
these are predominantly associated with muscle artifacts, their reduction
improves signal to noise ratio.
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Figure 4.5: Spectrogram of EEG recording before �ltering

Figure 4.6: Spectrogram of EEG recording after �ltering
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There are also some unchanging single tones in the spectrum that
had decreased in power after �ltering. Since these are unchanging, they
also hinder the classi�cation process and therefore their removal is de-
sirable. On the other hand, the power of low frequency tones that are
associated with brain activity retain their signal power. Also, the char-
acteristic changes that occur before and after the seizure (which in this
recording is the power peak after 120 000 samples) is still clearly visible
after �ltering. So in conclusion we can say that the �ltering process im-
proves detection by attenuating artifact components, although the exact
degree of improvement is di�cult to measure since the relevant features
are di�erent for every subject.

4.3 Feature selection results

As described in the previous chapter, all �ltered records were divided
into segments. Each segment was chosen to be 4 seconds long, with a 2
second overlap between segments to avoid losing important transients at
segment edges. All features of each segment are computed. For record-
ings with n amount of channels, this results in 30n+ 1 features. Most of
the patients processed had 23 channels recorded, meaning a total of 806
measurements. To select the features most important for a particular
patient, the Lasso algorithm was used. Based on the subsequent clas-
si�cation results, the amount of features selected was chosen to be 30.
Table 4.1 shows the results of this selection for patient #20.
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Feature type channel #
Approximate entropy channel 10
Approximate entropy channel 23
Energy variance 16-32 Hz channel 1
Energy variance 16-32 Hz channel 22
Energy variance 32-64 Hz channel 8
Energy variance 4-8 Hz channel 18
Energy variance channel 18
Energy variance channel 23
Energy variance channel 5
Energy variance channel 8
Histogram entropy all channels
Long-term energy channel 12
Long-term energy channel 18
Long-term energy channel 2
Long-term energy channel 20
Long-term energy channel 22
Long-term energy channel 27
Long-term energy channel 6
Long-term entropy channel 1
Long-term entropy channel 12
Long-term entropy channel 15
Long-term entropy channel 17
Long-term entropy channel 19
Long-term entropy channel 20
Long-term entropy channel 26
Long-term entropy channel 7
Total energy 4-8 Hz channel 14
Total energy 64-128 Hz channel 13
Total energy 64-128 Hz channel 19
Total energy 64-128 Hz channel 23

Table 4.1: Selected features, patient 20

The features in table 4.1 are listed in alphabetical order. By select-
ing individual features instead of creating new ones out of linear feature
combinations, the physical meaning of each feature is retained. More-
over, after the training period ends, subsequent recordings only need to
calculate the reduced feature set.

By examining selected feature sets for all patients, further conclusions
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about the nature of the algorithm can be drawn. Firstly, from all the fea-
tures available, total signal energy, entropy and their long-term variants
were the most prevalent. For most patients, there was a large variety in
channels that were part of the selection. Also, most patients had one or
more channels which showed up in several features, indicating that the
certain regions of the brain were more closely connected to the pre-ictal
state then others.

4.4 Classi�cation results

To validate the performance of the algorithm, each patient's recorded
features were divided into two sets. Samples in the �rst set were used
to train a neural network, and the second set was used to test it. Dur-
ing the test, the two metrics measured were sensitivity and speci�city.
Sensitivity, also called as true positive rate, is calculated by

TPR =
TP

P
, (4.1)

where TP denotes the true positive samples, i. e. the samples that
were correctly classi�ed as pre-ictal. The symbol P denotes positives, or
all samples classi�ed as pre-ictal. Speci�city, also called as true negative
rate, is measured by

TPR =
TN

N
, (4.2)

where TN denotes the true negative samples, i. e. the samples that
were correctly classi�ed as either inter-ictal or ictal. The symbol N de-
notes negatives, or all samples classi�ed as either inter-ictal or ictal. The
reason for this metric is that the application is focused on detecting the
pre-ictal period. For a well functioning classi�er, both of these metrics
need to be high. If sensitivity is low, many pre-ictal samples are not
detected properly. If speci�city is low, many false alarms will happen.

Multiple algorithms were used to train the neural network. Below are
presented the results of classi�cation for each network type. Table 4.2
shows the classi�er performance when Levenberg-Marquardt backpropa-
gation [39] was used for training. Table 4.3 presents the results of using
scaled conjugate gradient backpropagation [40]. Finally, table 4.4 shows
Bayesian regularization backpropagation [41].
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Patient number Sensitivity Speci�city
1 98.65% 99.91%
2 96.43% 100.00%
3 98.63% 99.28%
5 93.48% 99.33%
8 98.25% 100.00%
10 100.00% 100.00%
11 97.14% 99.79%
14 96.15% 99.65%
15 98.59% 99.88%
16 96.15% 100.00%
18 100.00% 97.45%
19 100.00% 99.87%
20 100.00% 100.00%
21 97.50% 99.66%
22 100.00% 100.00%

Table 4.2: Classi�cation results, Levenberg-Marquardt backpropagation

Patient number Sensitivity Speci�city
1 69.88% 97.90%
2 95.24% 98.70%
3 61.11% 98.55%
5 65.00% 98.73%
8 90.77% 98.98%
10 56.96% 99.45%
11 76.92% 99.89%
14 50.72% 97.94%
15 56.72% 92.97%
16 95.83% 97.22%
18 43.00% 97.34%
19 70.83% 98.75%
20 97.96% 98.33%
21 60.98% 98.64%
22 97.50% 99.88%

Table 4.3: Classi�cation results, Scaled conjugate gradient backpropaga-
tion
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Patient number Sensitivity Speci�city
1 100.00% 99.91%
2 100.00% 100.00%
3 94.19% 100.00%
5 100.00% 100.00%
8 100.00% 100.00%
10 100.00% 99.81%
11 100.00% 99.89%
14 100.00% 100.00%
15 100.00% 100.00%
16 100.00% 100.00%
18 100.00% 100.00%
19 100.00% 100.00%
20 98.36% 100.00%
21 100.00% 99.89%
22 100.00% 100.00%

Table 4.4: Classi�cation results, Bayesian regularization

It is clear from these results that the choice of training algorithm
played a large role in network accuracy, meaning that the output classes
were not clearly separated. Bayesian regularization had showed the high-
est performance in both metrics with Levenberg-Marquardt backpropa-
gation a close second. For both of these algorithms, performance is high
enough for them to be used as a precise and reliable seizure predictor.
It is interesting to note that both these algorithms were unusable when
applied to the whole feature set without reduction, as the required com-
puting power for training was higher then acceptable. There also were
some individual di�erences between patients.

It is important to note that for each patient, di�erent features were
selected by the selection algorithm, so the system must be trained sep-
arately for each individual to achieve good results. If the same algo-
rithm is tested on live patient data, these high results are expected to
degrade somewhat because of unknown variations in measurement con-
ditions and noise, but still perform their intended function reliably. It is
also interesting to note that by modifying the requirements of a pre-ictal
alarm (for example, an alarm happens for 3 pre-ictal segments within 1
minute). Using such methods, lower sensitivity or speci�city scores can
be compensated for. The time to calculate the results was shown to be
approximately 5 minutes for each hour recorded, which is considerable



Chapter 4. Evaluation 36

but still low enough for the algorithm to be suitable for future real-time
applications. Processing time can be further improved by parallelization,
as most processing steps are done on each channel independently.
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Conclusions and Future Work

The objective of this work is to demonstrate an algorithm capable of
predicting seizures reliably within a few minutes of their start with ac-
ceptable computational e�ciency, using only relatively noisy scalp EEG
recordings. After multiple tests, the solution put forward combines re-
cent advances in artifact �ltering with patient-speci�c feature selection
and a neural network classi�er.

We have tested the algorithm using data from 15 patients recorded
in the CHB-MIT EEG database. We performed �ltering, feature ex-
traction, feature reduction and �nally classi�cation on each patient's
records. Using the training algorithm with the highest performance, we
have obtained an average sensitivity of 99.53% and an average speci�city
of 99.9%. This shows that such a system is capable of distinguishing
pre-ictal data from baseline EEG activity, and that its a good candidate
for future medical devices. The features that were the most correlated
with pre-ictal segments were di�erent for every single patient, showing
the importance of customization for each individual.

There are two main venues of further improvement that should be
the future focus of this research. One is the addition of further artifact
detection and feature extraction steps. The �rst will increase the noise
�ltering capabilities of the system and would allow other types of noise to
be reduced. The second can aid to �nd additional relevant signal metrics
that correlate well with pre-ictal changes in brain physiology.

The other focus of improvement is to increase the data available to
test the algorithm. This could mean additional scalp EEG measurements
performed in a a neurology lab, but also to use custom hardware. This
custom device for data collection would be the design and deployment of
a device prototype that patients can wear for long periods of time. This

37



Chapter 5. Conclusions and Future Work 38

enables to record EEG signals during normal day-to-day activity, and the
validity of the technology as digital assistance for su�erers of intractable
epilepsy could be tested.
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