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Abstract

Epilepsy is a neurological disease affecting more than 60 million people in the
world. It is characterized by the sudden onset of seizures, which can be dangerous to
the patient, and even cause death. Until now, seizures appear in an uncontrollable
and unpredictable manner, rendering care and prevention difficult to implement.
Recently, intensive research has been led in order to identify, based on different
indicators, the onset of a seizure. One of the most reliable indicators seems to be
electroencephalogram (EEG) signals measured directly inside the cranial cavity. This
master thesis is focused on one specific algorithm under investigation, that allows
interpretable detection of a seizure onset by comparing features generated by the
patient’s EEG signals, with features generated by a neural mass model synthesizing
EEG signals from three physiologically meaningful parameters. In this work, the move
towards ultra-low-power implementation of this algorithm was started by transferring
the code, previously implemented on Matlab, to C language, more adapted to a
microcontroller such as ARM Cortex M4. Then, various ways to optimize memory
and power usage of the algorithm were identified and investigated. It is shown
that the resolution of the meaningful parameters fed to the neural mass model is of
critical importance in these aspects. While the execution is still time-consuming, the
algorithm has been brought a step closer to an implementation in a point-of-care
device.
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Introduction

Known since antiquity, epilepsy has been recognized as a brain disorder in the
18th or 19th century [1]. Epileptic patients suffer from epileptic seizures, which are
characterized by an abnormal excessive neuronal activity in the brain [2], beginning
at seizure onset. Epileptic seizures can manifest themselves as sudden and unforeseen
repetitive twitching, stiffening of the body, shaking, biting of the tongue or loss of
consciousness, deteriorating the patients’ quality of life, or (rarely) can lead to death.
The epilepsy is the most common brain disease in the world, affecting around 1% of
the total population [3]. A wide variety of medications exist, but only 66% of those
are really efficient and more than half of epileptic patients under medication are still
having seizures [4]. Surgery is a possible treatment to epilepsy but not adapted to
all types of epilepsies and is in certain cases risky. Furthermore, the neuronal and
physiological mechanisms behind epilepsy are still poorly understood.

For all these reasons, it is still today essential to find solutions to detect seizures
and avoid them by other treatments. A lot of ongoing research focusing on either
the epileptic seizure detection, or the stimulation of affected brain areas or nerves is
pursued, the ideal solution being to perform both. Detection is crucial, because aside
from the pure seizure detection, it allows identification of the seizure mechanisms,
improving the comprehension of the disease. Different types of detection procedures
exist :

1. The prediction of the seizure aims to detect an incoming event before the onset.

2. The onset detection identifies a seizure at the onset to be able to react before
the first symptoms appear.

3. The event detection identifies a seizure after the appearance of the first symp-
toms. This approach’s main interest is medical research.

The technique investigated in this work belongs to the second category.

It is important that the developed treatments fulfil the patients needs. In
particular, the detection should be highly accurate, avoiding any false positives or
false negatives in order for the patient to regain confidence. Also, a detection device
wearable by the patient and ideally even implanted inside their body would allow
a continuous detection capability. Furthermore, it should not require too much
maintenance (i.e. changing the battery, the components, the parameters, which
requires a visit to the hospital). An ultra-low-power device would be able to match
these criteria.

Different such devices are already being marketed today and many different onset
detection algorithms are being developed. Most commonly, these algorithms are based

1



on electroencephalogram signals. Generally, the signals are treated and different
features are identified, before a classification of the signal in seizure/non-seizure
situation is done. These techniques present two main drawbacks :

• Their accuracy is limited, impacting the patients’ quality of life.

• Their detection is based on mathematically defined features, which thus have
no physiological meaning. This prevents communication with medical experts
and does not contribute to comprehension enhancement.

In contrast, the algorithm investigated in this master thesis and developed at
Université Libre de Bruxelles (group of Antoine Nonclercq) is based on the three
physiologically meaningful parameters, namely average excitatory (Ae), slow (B)
and fast (G) inhibitory synaptic gains. This makes the algorithm interpretable by
the medical community. Its general functioning is described in Fig. 1. A neural mass
model, representing the functioning of four neuronal populations in the brain, is used
to generate synthesized EEG signals based on different Ae, B, G, triplets. Features
are then extracted from these EEG signals and are compared to features extracted
from the recorded EEG time window. One representative triplet is then identified
and the temporal evolution of the ratios Ae

B
, Ae

G
, Ae

B+G
, B
G
is analyzed to determine

the onset seizure.
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Fig. 1: Simplified representation of the algorithm studied in this thesis.

This algorithm is still, for now, far from a low-power and real-time implementation.
The goal of this master thesis was to transform the code previously written in
MATLAB to C language. Indeed, C language is the main language used for embedded
programming, which is the programming method of small wearable devices. The
focus was also put on the ultra-low-power and fast character of the program. Different
aspects were considered, such as starting resolution of the neurological parameters,
calculation methods, signal processing strategies.

In Chapter 1, a general description of epilepsy is given, allowing the reader to
familiarize himself with the current understanding of this disease.
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Then, in Chapter 2, an overview of the field of seizure detection is presented.
The focus is mainly put on EEG-based detection algorithms, comparable to the one
investigated in this work. Currently marketed devices are also mentioned.

Chapter 3 describes in detail the algorithm developed at ULB and its MATLAB im-
plementation. The results of this implementation are discussed and the performances
are analyzed.

In Chapter 4, the C code is described and the different choices of implementation
and optimization are highlighted and justified. The final performances are then
analyzed and several further optimization possibilities are mentioned.

Conclusions and further perspectives are drawn to complete this thesis.
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Chapter 1

Epilepsy : fundamentals

This chapter introduces the field in which this master thesis falls. The context
of epilepsy is first presented, through a summary of the functioning of the nervous
system. The epilepsy disease and in particular epileptic seizures are then explained
and the link with electroencephalogram (EEG) in the epileptic seizures’ detection is
highlighted. Finally, the treatments available to date for epilepsy are then mentioned.

1.1 Nervous system

As epilepsy is a neuronal disease, it is important to begin by a rapid explanation
of the nervous system and its mechanisms.

1.1.1 Structure

The nervous system is divided in two subsystems : the central nervous system
(CNS) and peripheral nervous system (PNS) (Fig. 1.1). The CNS in composed of the
brain, the spinal cord and the retinas of the eyes, it is the integration and command
center of the body . The PNS consists of the sensory neurons, the ganglia, that are
clusters of neurons, and nerves that connect all the members. All these nerves are
carrying information between the CNS and all parts of the body. These informations
lead to the initiation of movements and sensitivity (Somatic PNS), and digestion,
respiration, hormone secretion among others (Autonomic PNS). The vagus nerve
plays a crucial role in the performing of the autonomic PNS [5].

1.1.2 Neuronal functioning

The brain is the most critical part of the human body. It controls all the actions
of our body, including the movements and coordination of our muscles. The human
brain is composed of thousands of neurons that hit each other to pass a flow of
information. These collisions give rise to electricity, very small in amounts and
transient in nature. The general structure of a neuron is represented in Fig. 1.2.

The soma is the cell body of neuron. Its role is to maintain a constant potential
between intra and extra-cellular fluids. The axon is a prolongation of the neuron; its

4



Fig. 1.1: Illustration of the nervous system [6].

EEG signals were first measured by Hans Berger in 1929. He was the first

person to record electrical activities in the human brain. These signals are

generated by collision of various neurons and can be read by putting elec-

trodes on the human scalp. It gives a common view of neural activity and can

be employed for the field of the physiology of the human brain. These signs

are very low in magnitude and therefore calculated in micro volt. These sig-

nals change according to the state of mind. Different behavior of human

being can give rise to different frequencies of EEG signals. EEG is the test

performed on the human brain to record these signals and visualize the state

of a brain. A very careful analysis of these signals can solve many neurological

disorder diseases. More often than not, the neurons get charged by pumping

of ions across their membrane. These ions are exchanged constantly by the

neurons. Some charged ions repel each other. In this way, several ions repel

each other through their neighbors. This process is called as volume conduc-

tion. Utilizing this process data flows in a mental capacity which leads to gen-

eration of small electric arc.

Brain activity is followed by using several existing methods such as MRI,

magneto encephalography, functional magnetic resonance imaging [5,6],

and electroencephalogram. Since the EEG has a rapid response time and

is inexpensive relative to other methods, it is widely used to monitor brain

activity in BCI research [4].

The general structure of a human neuron is shown in Fig. 1.1. The soma

is the cell body of neuron and contains nucleus. The dendrites are extended

from the soma and receive chemical message from other neurons. The axon

transmits electrochemical signals to other neurons. The myelin sheath con-

tains fatty tissue cells that insulate the electrical current running through

Fig. 1.1 Basic structure of a neuron.

5Introduction

Fig. 1.2: General structure of a neuron [3].
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role is to transmit the information in the form of an electrochemical signal to the
bouton, that is responsible for converting the electrical signal to a chemical signal to
be received by other neurons. The junction between two neurons is called the synapse
and is responsible to transmit messages from to neuron through neurotransmitters
(NT) that are chemical messengers. The dendrites’ role is to receive this chemical
message, by collecting the neurotransmitters through its receptors. The signal is then
sent to the cell body, where the postsynaptic potentials, coming from the different
dendrites, are summed up and modify the intra-cellular potential, consequently
creating a variation in the membrane potential. If the total amount of charge is
above a given threshold, an action potential, unit of activity of a neuron, is triggered.
Postsynaptic potentials can be excitatory or inhibitory. The information transmitted
from neuron to neuron is thus a flow of ions that are exchanged between neurons
and can be modeled by currents that are represented by action potentials. Fig. 1.3
represents a schematic of an action potential triggered by an input current [3] [7].Membrane Potential and Discharge

Intra-cell.

Extra-cell.
+ + + + +

+ +

+

+ +

- - -

-

-
- - - - -

+

+

+ +
-

-

- -

1ms

10 mV

I The cell maintain a potential between intra and extra cellular fluids.
I The input current modify the intra-cellular potential, which when a

threshold is reached triggers an ”action potential” or neuronal discharge.
I The action potential is the basic unit of neurons’ activity.
I No information in the spike, its occurrence is the unit of neuronal

communication.

Fig. 1.3: Triggered action potential [7].

1.2 Epilepsy and electroencephalogram

An overview of epilepsy and the link with the electroencephalogram (EEG) will
be presented in this section.

1.2.1 Epilepsy : definition

Epilepsy represents the situation of a person that has been affected by several,
spontaneous epileptic seizures. These seizures are due to structural abnormalities in
the brain. The International League Against Epilepsy (ILAE) describes an epileptic
seizure as "a transient occurrence of signs and/or symptoms due to abnormal excessive
or synchronous neuronal activity in the brain" [2]. The person is then defined as
a "patient with epilepsy". It has variable clinical expressions, depending on the
region of the brain, and the extent of neurons affected. Thus the symptoms are
also very different from one type of epileptic manifestation to another. Various
types of epilepsies exist, depending on where and how large is the epileptic source
of the seizure. Two big classes are defined : the generalized seizures and the focal
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seizures, according to the brain area touched by the seizure. Inside focal epilepsy, a
classification could be further made, according to where the focal source is located.
Temporal lobe epilepsy (TLE) is the most common form of the focal epilepsy, and
the patients suffering from TLE are often drug resistant [8]. In this work, the focus
is set on TLE.

Epilepsy represents a major health problem, as worldwide, about 50 million
people are affected by epileptic seizures [9]. In Europe, the yearly incidence varies
with age, with 3 different populations at risk : children and young adults < 20 years
are linked to a 70/100 000 people/year, decreasing to 20/100 000 people/year in the
20-64 years then increasing to 100/100 000 people/year in the older ones (> 64 years)
[9]. In Belgium, it is estimated that 70 000 patients suffer from epilepsy (0.8% of the
population) and that 150 000 Belgians will suffer once in their life from a seizure [10].
It is considered a serious condition and a somewhat unmet need. A better health
organization would be needed, and there is especially a need to create reference
centres, as suggested by the Belgian chamber in 2017 [11].

1.2.2 Epileptic seizures : symptoms

A single epileptic seizure does not lead to an epilepsy diagnosis. Generally, it is
considered that at least two unprovoked seizures are required to have an epilepsy
diagnosis. The symptoms of an epileptic seizure are widely variable from patient
to patient and through types of seizures. It goes from dizziness, staring blankly,
unresponsiveness, repetitive twitching of limbs to stiffening of the body, shaking,
loss of bladder and bowel control, biting of the tongue or loss of consciousness [12]
[13]. The epileptic seizure is therefore dangerous for the patient himself but can also
impact other people’s life, on the road for example. The treatment of the epilepsy is
thus essential.

1.2.3 Mechanism of ictogenesis and EEG

Ictogenesis describes the process of seizure genesis by an epileptogenic zone of
the brain [14]. In a seizure signal, four states are identified, namely preictal, ictal,
interictal and postictal. The portions of the signal before the first seizure and after
the last are called pre-ictal and postictal. Ictal and interictal indicate intervals of
seizures and between seizures. Ictal states can last for 10 s to several minutes and
are separated by long interictal states. The onset of the seizure characterizes the
beginning of the epileptic seizure, while the offset is the end. The four states that
characterize an epileptic seizure are illustrated in Fig. 1.4, that represents an EEG
signal.

The EEG signal is a valuable clinical tool in the detection of epileptic seizures.
Indeed, the EEG signal describes the electrical activity of the brain. Its flow is
impacted by the behaviour of the person [3]. Since epileptic seizures are characterized
by abnormal activities in the brain, it can be seen through EEG signal flow. Therefore,
EEG is useful in the detection of epileptic seizures. Moreover, the advantage of EEG
with respect to other techniques of monitoring brain activity like PET or MRI is
that its temporal resolution is high and its price is lower. Indeed, a very complex
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Figure 2 shows an example of an EEG signal including a
seizure period. It is clear that there is a difference be-
tween seizure and non-seizure intervals. As we are able
to differentiate between these intervals visually, time-
domain detection and prediction methods attempt to
differentiate between them automatically, and evaluate
the performance using different metrics such as the sen-
sitivity, specificity, accuracy, and false-positive value.
These metrics are defined as follows [12]:

Sensitivity ¼ TP
TPþ FN

# 100 ð1Þ

Specificity ¼ TN
TNþ FP

# 100 ð2Þ

Accuracy ¼ TPþ TN
TNþ FPþ TPþ FN

# 100 ð3Þ

False positive value ¼ TP
TPþ FP

# 100; ð4Þ

where true positive (TP) is the number of seizure epochs
determined by both algorithm and experienced physi-
cians, false positive (FN) is the number of seizure epochs
which are missed by the algorithm but have been deter-
mined by experienced physicians, true negative (TN) is
the number of non-seizure epochs recognized by both
algorithm and experienced physicians, and false positive
(FP) is the number of non-seizure epochs recognized as
seizure by the algorithm.

1.2.1 Seizure detection methods
To detect EEG seizures in time domain, there is a need
to analyze discrete time sequences of EEG epochs. This
analysis can be accomplished through histograms of the
epochs. Runarsson and Sigurdsson presented a simple
time-domain seizure detection method that is based on
tracing consecutive peaks and minima in the signal seg-
ment at hand and estimating the histograms for two var-
iables: the amplitude difference and time separation
between peak values as well as minima [13]. The fea-
tures used for classification of an epoch as a seizure or
non-seizure are the estimated values of the histogram
bins. The authors used a support vector machine (SVM)
classifier for this task and achieved an average sensitivity
of about 90% on self-recorded data.
Another approach to deal with the EEG seizure detec-

tion method in time domain is to compute the signal en-
ergy during seizure and non-seizure periods. A better
treatment to the energy estimation approach is to esti-
mate the energies of the signal sub-bands not the signal
as a whole in order to build a more discriminative fea-
ture vector. Yoo et al. adopted this approach and pre-
sented an eight-channel EEG acquisition system-on-chip
(SoC) that can detect and record patient-specific epilep-
tic seizures [14]. They used a bank of seven band-pass
filters covering the frequency range from 2 to 26 Hz on
eight channels of the processed EEG signals. Eight highly
dynamic analog channels, classification processor, and a
64-KB SRAM have been integrated in the SoC. With this
approach, a long-term seizure monitoring and storage

Figure 2 An EEG signal containing a seizure.

Alotaiby et al. EURASIP Journal on Advances in Signal Processing 2014, 2014:183 Page 3 of 21
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Pre-ictal Post-ictalInter-ictal

Fig. 1.4: Illustration of the four states of ictogenesis on a EEG recording [15]

neural activity can be read within a few minutes or seconds. However, the spatial
resolution is low, it thus can be combined with other methods [3].

Principle of EEG

In the brain, neurons communicate with each other by colliding among themselves
and passing information by the collision. This collision generates a very low amount
of electricity, that is measured by the EEG. To record these electrical signals,
electrodes are placed on the human scalp during 20 to 40 minutes, or in other
words 10 to 15 transactions.This duration is sufficient to understand the state of
the human brain. Several systems of placement of electrodes on the scalp exist but
the recommended system is 10/20 (recommended by the International Federation of
Societies for Electroencephalography and Clinical Neurophysiology). This placement
is represented in Fig. 1.5. The 10/20 notation refers to the distance between electrodes
along the midline. They are placed at a distance of 10%, 20%, 20%, 20%, 20%, 10%
of the nasion-inion distance between each other. All the other electrodes are placed
in the same way. Each electrode has a letter to identify the lobe and a number to
identify the hemisphere location. The letters F, T, C, P, and O stand for frontal,
temporal, central, parietal, and occipital lobes, respectively. The z stands for zero
and refers to electrodes placed on the midline, even numbers refer to electrodes on
the right hemisphere and odd numbers to electrodes on the left hemisphere. A, G,
and Fp identify the earlobes, nasopharyngeal, and frontal polar sites, respectively [3].
Thereupon, a large number of channels are recorded and the same number of EEG
signals are recorded, coming from each electrode. An example of EEG recordings
from the channels of electrodes placed on the scalp is available in Fig. 1.6. On this
example, each signal is a bipolar signal as two channels have been subtracted to have
a reference.
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electrode placement for clinical EEG recording, which is schematically illus-

trated in Fig. 1.10.

The name 10–20 indicates the fact that the electrodes along the midline

are placed at 10%, 20%, 20%, 20%, 20%, and 10% of the total nasion-inion

distance; the other series of electrodes are also placed at similar fractional dis-

tances of the corresponding reference distances [11]. The interelectrode dis-

tances are equal along any anterior-posterior or transverse line, and electrode

positioning is symmetrical. Each side has a letter to identify the lobe and a

number to identify the hemisphere location. The letters F, T, C, P, and

O stand for frontal, temporal, central, parietal, and occipital lobes, respec-

tively. A z (zero) refers to an electrode placed on the midline. Even numbers

(2, 4, 6, and 8) refer to electrode positions on the right hemisphere, whereas

odd numbers (1, 3, 5, and 7) refer to those on the left hemisphere. The letter

codes A, Pg, and Fp identify the earlobes, nasopharyngeal, and frontal polar

sites, respectively. The typical EEG instrumentation is based along the low-

pass filter with cutoff frequency of 75Hz. Automated analysis of the EEG is

Fig. 1.9 Mu signal wave.
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Fig. 1.10 The 10/20 system—standardized placement of electrodes on scalp for EEG
measurements.

10 EEG Brain Signal Classification for Epileptic Seizure Disorder Detection

Fig. 1.5: The 10/20 system : standardized placement of electrodes on scalp for EEG
measurements [3].

Fig. 1.6: EEG signals recordings from all the channels of the scalp electrodes [16].
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During EEG recording, plenty of data is extracted and this data cannot be
analysed by experts with the naked eye (Fig. 1.7a). Indeed, the scalp recorded
electrical activity consists of a mix of genuine brain signals combined with lots of
noise, named artifacts, that are generated by other parts of the body, such as heart
activity, eye movements and blinks, other facial muscle movements, etc. (physiological
artifacts), or by environmental sources or devices troubles (non-physiological artifacts),
which produce electrical signals about 100 times greater than those produced by the
brain. So an initial task of any EEG data analysis is signal processing, which consists
of separating these other signals from the signal being emitted by the brain itself
and in this way revealing the interesting signal [17]. This separation is mainly done
using filters (high-pass for physiological artifacts and low-pass for non-physiological
ones). After all unwanted signals are removed (Fig. 1.7b), the signal can therefore
be analyzed by a specialist who may make observations on the status of the brain.
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(b) After filtering.

Fig. 1.7: EEG recording.

Intracranial EEG

The algorithm studied in this work is focused on intracranial EEG. iEEG signals
are captured by placing the electrodes directly on the surface of brain to record the
brain activity from the cerebral cortex. The iEEG signal is therefore obtained from
implanted subdural or deep electrodes (Fig. 1.8). The iEEG signal is widely used
in the epilepsy field as it provides a good spatio-temporal resolution of the affected
regions of the brain. It can be indeed placed at the closest possible area to the
epileptogenic region, giving a good insight of what is happening in this zone [18].

The drawback is that it is an invasive method that requires a surgery, and can
lead to bleeding, infection, brain oedema or neurological impairment in rare situations
[20].

1.3 Existing treatments

The already existing treatments will here be presented. Generally, medical doctors
begin by administrating medications to epileptic patients. However, a high proportion
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Fig. 1.8: iEEG method [19].

of epileptic patients under medication (more than one half) are still having seizures.
Other methods such as the surgery and food regimes are then used [21] [22].

1.3.1 Medication

Fortunately, a good part of epileptic patients can become seizure free by taking
anti-seizure medication, also called anti-epileptic medication. In other patients,
the combinations of well chosen medications have an impact on the frequency and
intensity of seizures. The use of medications may therefore be useful, but the choice
of the adapted medication should be accurately made. There exist numerous different
medications to control epilepsy, adequate for different types of epilepsy, types of
seizure and patient’s experiences [21] [23].

However, anti-epileptic medications could worsen the seizure or may have side
effects if they are not carefully selected or administrated in too large quantities.
The side effects could be fatigue, dizziness, weight gain, loss of bone density, skin
rashes, loss of coordination, speech problems, memory and thinking problems or even
depression, suicidal thoughts or behaviours, severe rash, inflammation of organs (e.g.
liver) [21].

1.3.2 Surgery

In case the medications fail to control epileptic seizures, surgery is an option. The
surgery is applied when the seizure source is a small, well-defined area of the brain,
and the area to be operated is not interfering with vital functions such as language,
hearing, motor function, vision. Before the surgery can be applied, an iEEG-base
monitoring should be performed to identify the area to operate. This method is only
used in 10-20% of uncontrolled epileptic seizures, but is efficient. Most operated
people should continue to take medications, but the dosages are adapted [22] [19]
[21].
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1.3.3 Ketogenic regime

The ketogenic regime is a very strict and carefully calculated regime that is
generally used in epileptic children that have uncontrollable epileptic seizures. This
diet is high in fat, low in protein and carbohydrates. It lasts generally 2 to 3 years
and is efficient in 30% of children [22].
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Chapter 2

State of the art : EEG and
iEEG-based seizure detection

The epileptic seizure detection field is highly developed nowadays. As EEG
recordings are usually tens or hundreds of hours long, manual detection of seizure
periods is difficult and time-consuming. It is why lots of researche is made to be
able to detect epileptic seizures with electronic devices and avoid these seizures to
occur. The main goal of the research in which this master thesis is included is to
detect or predict a seizure before it has impact on the patient and to stimulate the
vagus nerve to avoid it. Indeed, the most promising therapy to treat epilepsy is to
deliver an electrical stimulation to affected areas of the brain. The vagus nerve being
a very important nerve in the body, having both sensory and motor functions, it can
easily transmit the information to the corresponding brain area [24]. However, for
this technique to be optimal, algorithms of detection should be robust [25]. Several
algorithms are developed with different techniques and different goals. Also, some
detection devices are already present on the market. This chapter will present a
review of both algorithms and devices developed for epileptic seizure detection.

2.1 Seizure detection algorithms

The algorithms of seizure detection are classified in various ways depending on
the articles. Some classifications are based on the linearity of the techniques, on
the type of the detection (detection of the seizure event or of the seizure onset),
on the method used to differentiate between ictal and interictal periods, etc. The
classification chosen in this master thesis is the most frequent one, done in particular
in [15] and [26] : a classification based on the transform domain of operations. The
recent algorithms are therefore classified in five domains (Fig. 2.1) : time domain,
frequency domain (with the Fast/Discrete Fourier transform : DFT/FFT), wavelet
domain (time-frequency domain), empirical mode decomposition (EMD) and rational
transform domain. Several existing algorithms are presented for each domain.

In most of the detection algorithms, four steps are performed : raw signal pre-
processing, feature extraction, best feature selection and classification in two classes
(seizure and non-seizure). The classification here developed focuses on the feature
extraction step and the analysis of many different algorithms shows that the features
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Fig. 2.1: Classification of the seizure detection algorithms.

are generally coming from different transform domains to get better results. These
different transforms will be reviewed but it must be kept in mind that they are often
used together.

To characterize the performances of each algorithm mentioned, some metrics are
usually computed in each article : sensitivity, specificity, accuracy and false detection
rate.

– Sensitivity : it refers to the percentage of epileptic seizures correctly detected
by the algorithm [27]. A high sensitivity is thus better for automatic epileptic
detection. It can be expressed as

sensitivity =
TP

TP + FN
· 100

where TP (true positive) is the number of seizures that are detected by both
algorithm and expert and FN (false negative) is the number of seizures marked
as seizure by the expert but not detected by the algorithm [26].

– Specificity : it is the percentage of non-seizure events correctly classed by the
algorithm :

specificity =
TN

TN + FP
· 100

where TN (true negative) refers to the number of non-seizure epochs, marked
as well by the physician and algorithm, and FP (false positive) is the number
of non-seizure events detected by the algorithm as epileptic seizures [26].

– Accuracy : it is defined by

accuracy =
TP + TN

TP + FN + TN + FP
· 100

and corresponds to the accuracy of the detection algorithm, i.e. its capability
to detect correctly seizure and non-seizure events.

– False detection rate : it is the percentage of non-seizure events that are identified
as seizure ones [27].
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2.1.1 Time domain based algorithms

The first domain in which features can be extracted is the time domain. This
domain has the advantage that it does not require any transformation of the signal,
as the information is directly extracted from the signal in time domain. It is therefore
fast and is well adapted to real-time applications. Time domain methods are quite
simple and are good choices for patient-specific algorithms, seizure detection devices
and in networks. The features in time domain may be of different forms : seven
different forms are presented in Table 2.1. For each approach, an article in which
this approach is applied is mentioned and performances are evaluated [26].

Authors Year Features extraction approach Performances

Shanir and
Khan [28]

2015 Mean and minimum value in each
epoch.

Accuracy : 99.81% ; sensitiv-
ity : 100%, specificity : 99.81%

Alotaiby et al.
[29]

2016 Five histograms of varying number
of bins for each period

Sensitivity : 97.14% ; speci-
ficity : 98.58%

Runarsson and
Sigurdsson [30]

2005 Histograms on difference of
amplitude and time between local
maxima and minima in each
segment.

Sensitivity : about 90%

Mursalin et al.
[31]

2017 Mean, median, mode, minimum,
maximum, skewness, SD, kurtosis,
first and third quartile, interquartile
range, mobility, complexity, Hurst
exponent, detrended fluctuation
analysis.

Accuracy : 98.45%

Baldominos and
Ramón-Lozano
[32]

2017 Ratio of energy between foreground
and background activity.

False detection rate : 0.39 for
24 h

Yoo et al. [33] 2012 Energy in segments. Accuracy : 84.4% and ultra-
low-power.

Dalton et al.
[34]

2012 Mean, variance, zero-crossing rate,
entropy, root means square (RMS)
and autocorrelation.

Sensitivity : 91% ; speci-
ficity : 84%

Table 2.1: Summary of various seizure algorithms, using time domain features,
adapted from [26].

2.1.2 Frequency domain based algorithms

The signal is transformed to frequency domain by using the Fourier transform.
The Fourier transform’s magnitude and phase can therefore be exploited. The
advantage to go in another domain is to provide new insight on the signal that
can not be seen in time domain and frequency domain methods are more robust
than time domain ones. When data is large, and long-time recordings are available,
frequency domain methods are appropriate. As for time domain methods, frequency
domain methods are presented in Table 2.2.
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Authors Year Features extraction approach Performances

Bhople [35] 2012 Fast Fourier transform. Accuracy : 100%
Rana et al. [36] 2012 Phase slope index. Sensitivity : 100% ; false de-

tection rate < 2/h
Khamis et al.
[37]

2013 Power spectral densities and
frequency-moment signatures.

Sensitivity : 91% ; false detec-
tion rate : 0.02/h

Acharya et al.
[38]

2012 Four entropies, phase entropy 1,
phase entropy 2, approximate
entropy and sample entropy (time
domain and frequency domain
features).

Accuracy : 98.1%

Table 2.2: Summary of various seizure algorithms, using frequency domain features,
adapted from [26].

2.1.3 Wavelet domain based algorithms

A wavelet is a waveform with limited duration and zero average value (some
wavelet examples in Fig. 2.2), called mother wavelet. The wavelet transform is a
time-frequency transform and is useful in extracting features from non-linear and
non-stationary signals in selected sub-bands. The main challenge in wavelet transform
domain is to select the correct number of decomposition levels and mother wavelet.
It is why several papers using different mother wavelets and number of decomposition
levels have been analyzed in Table 2.3.

Fig. 2.2: Examples of mother wavelets.

The results of the detection are better with Daubechies of order 2 and 4 and
Morlet as mother wavelets and a number of decomposition levels up to 5 is sufficient.
Wavelet domain methods increase tremendously the accuracy of results.

2.1.4 EMD and Hilbert transform domain based algorithms

EMD is also a time-frequency technique, which is adaptive and does not require
prior fixed basis. EMD is a signal decomposition technique, in which the signal is
transformed into a group of functions or components called intrinsic mode functions
(IMFs), which preserve the inherent properties of the original signal. In EMD based
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Authors Year Features extraction approach Performances

Polat et al. [39] 2016 Mean, maximum, minimum,
standard deviation and average
power of absolute values of wavelet
coefficients. Number of
decomposition levels (DL) : 2.
Mother wavelet (MW) : 4th order
Daubechies (db4).

Accuracy : 100% and 96% for
2 datasets

Zainuddin et al.
[40]

2012 Maximum, minimum, and SD of the
absolute values of the wavelet
coefficients. MW : Morlet and db4.

Sensitivity and specificity : up
to 98%

Niknazar et al.
[41]

2013 Alpha, beta, delta, theta, and
gamma sub-bands. DL : 5. MW :
db4.

Accuracy : 98.67%

Zhou et al. [42] 2013 Lacunarity (measure of
heterogeneity) and fluctuation index.
DL : 5.

Sensitivity : 96.25% ; false de-
tection rate : 0.13/h

Chen et al. [43] 2017 Magnitude of Fourier coefficients of
6 wavelet scales.

Classification rate : 100%

Liu et al. [44] 2012 Relative amplitude, relative energy,
coefficient of variation, and
fluctuation index of three selected
levels. DL : 5.

Sensitivity : 94.46% ; speci-
ficity : 95.26% ; false detection
rate : 0.58/h

Abbasi and
Esmaeilpour
[45]

2017 Maximum, minimum, average and
SD of four chosen levels. DL : 5.
MW : db4.

Accuracy : 98.33% ; sensitiv-
ity : 100% ; specificity : 97.1%

Panda et al. [46] 2010 Energy, SD, and entropy. DL : 5.
MW : db2.

Accuracy : 91.2%

Khan et al. [47] 2012 Relative energy and a normalized
coefficient of variation. DL : 5. MW
: db4.

Accuracy : 83.6% ; sensitiv-
ity : 100% ; specificity : 91.8%

Shoaib et al.
[48]

2014 Wavelet energy. 4% decline in sensitivity,
0.15/h increase in false detec-
tion rate compared to baseline
performances.

Table 2.3: Summary of various seizure algorithms, using wavelet domain features,
adapted from [26].
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methods, IMFs could be features themselves or features can be extracted from IMFs.
The Hilbert transform with EMD can provide information on the instantaneous
frequency of the signal (frequency at instant t). Hilbert spectral analysis of IMFs is
a good information of time-frequency distribution of the signal. The EMD domain
and Hilbert transform are usually combined to have better results than all other
domains seen up to now. Researches is till largely ongoing in this domain, because
it is not yet mastered but is very promising. Algorithms based on this method are
mentioned in Table 2.4.

Authors Year Features extraction approach Performances

Tafreshi et al.
[49]

2008 Means of the absolute values of 4
IMF’s Hilbert transform.

Accuracy : 90.69%

Orosco et al.
[50]

2009 Energies of IMFs compared with
thresholds.

Sensitivity : 56.41% ; speci-
ficity : 75.86%

Guarnizo and
Delgado [51]

2010 Amplitude, average or
instantaneous frequency, skewness,
kurtosis and Shannon’s entropy for
all EMD components (4 IMFs).

Accuracy : 98%

Belhadj et al.
[52]

2016 Euclidian, Bhattacharya and
kolomogorov distances between
IMFs.

Accuracy : 98.84%

Torse et al. [53] 2017 Instantaneous frequencies from
IMFs and instantaneous frequency
details from Hilbert transform of
IMFs.

Accuracy : 96%

Alam and
Bhuiyan [54]

2011 Kurtosis, skewness, largest
Lyapunov exponent, variance,
approximate entropy, and
correlation dimension from first 4
IMFs.

Sensitivity : 100% ; speci-
ficity : 100% ; accuracy : 100%

Bajaj and
Pachori [55]

2013 Instantaneous area estimated from
the trace of analytic 2 IMFs and
local mean of EMD.

Sensitivity : 90% ; speci-
ficity : 89.31%

Table 2.4: Summary of various seizure algorithms, using EMD domain and Hilbert
transform based features, adapted from [26].

It can be concluded that up to four IMFs are sufficient to get a good detection.

2.1.5 Rational domain based algorithms

The rational domain is also a time-frequency domain that is based on rational
functions. The basis rational function is as follows:

ra,k(z) =
1

(1− az)k
, (a ∈ D, z ∈ D, k ∈ N) (2.1)

where a is the inverse pole and k is the order of the function. It is also adaptive in
nature and its application in seizure detection started in 2018. The parameters basis
of the rational domain is found by using optimization techniques. The disadvantage
of this method is that it requires complex computations, but the advantages are
numerous : flexible system to represent EEG signal, compact representation of the
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signal with coefficients that can be used as features, basis functions can provide time
and frequency information, the rational system gives a simple representation of the
original signal, small number of arithmetic operations are required. This method
is therefore well suited to real-time applications. Some algorithms that have been
developed using rational functions are presented in Table 2.5.

Authors Year Features extraction approach Performances

Samiee et al.
[56]

2015 Absolute mean value, absolute
median value, absolute SD, absolute
maximum value, absolute minimum
value of the coefficients.

Accuracy : 99.8% and 99.3%
for 2 datasets

Samiee et al.
[57]

2017 Feature extraction method based on
sparse rational decomposition and
local Gabor binary patterns
(LGBP).

Sensitivity : 70.4% ; speci-
ficity : 99.1% ; false detection
rate : 0.35/h

Table 2.5: Summary of various seizure algorithms, using rational domain features,
adapted from [26].

2.2 Existing devices for seizure detection

The benefits of developing devices for seizure detection are numerous. Indeed,
a wearable therapeutic system that is capable to detect coming seizures could be
efficient to alarm the patient or its family that a seizure is developing or to halt the
seizure progression before symptoms appearance. It could limit the consequences of
an epileptic seizure and thereby improve the quality of life of epileptic patients [27].
It has also the advantage that the patient has to undergo only short intermittent
interventions in contrary with continuous pharmaceutical therapy [58]. These benefits
and patients needs are illustrated in Fig. 2.3.

The first test on humans of an implanted device for epileptic seizures detection
was made between 2010 and 2011. The system is represented in Fig. 2.4 and its
objective is to inform the patient of the likelihood of a seizure development in the
minutes or hours ahead. This seizure advisory system is a hand-held device that
receives and analyses iEEG signals recorded by the intracranial electrodes array in
brain, and provides a visual and audible signal to notify the patient. The leads array
is connected to a telemetry unit that wirelessly sends information to the advisory
device. The advisory device applied an algorithm of detection to the iEEG data and
give the information to the patient by means of a colour code as well as an auditory
or vibratory signal. The results of the study of efficacy and safety of the implantable
device on humans can be found in [60].

Two main iEEG-based seizure detection and stimulation devices exist at this time
: the vagal nerve stimulation (VNS) and the responsive (that applies detection and
treatment in closed-loop) neurostimulation (RNS) [61]. The VNS is not responsive,
it contains an implanted stimulator and a lead incorporating a bipolar electrode
but an external pulse programming system, that applies the detection and triggers
the stimuli generator. This system is shown in Fig. 2.5a. The RNS consists in a
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patches, bulky or cumbersome shapes, as well as the 
presence of flashing lights lead to unwanted visibility.32 
Discreet, inconspicuous devices that can be worn and 
covered with clothes are largely favored.30 However, in 
the context of exclusively night-time or home use, ap-
pearance and visibility are less important and sensors 
under the mattress and more unconventional designs may 
be considered acceptable.3,30,32 Intrusiveness is another 
important factor influencing user acceptance. The num-
ber of alerts and interactions required with the device 
should be kept to a minimum and automated; passive 
data gathering and sharing is preferable.3,32 Altogether, 
users indicate that a device should be socially acceptable, 
as wearing a device that looks unfamiliar, visible, and 
intrusive may disclose their condition to others and lead 
to discrimination, heightened experience of stigma, as well 
as to self-stigma, as a constant reminder of their state. 
Ideally a device should also serve other functions (eg, 
indicate the time) and be integrated with other technolog-
ical devices (eg, music player) often used in a person's 
daily life beyond that of a health-monitoring device.

2. Comfort and usability are additional important factors. 
Being undisturbed by the device during routine activ-
ity and sleep, as well as the possibility to easily wear, 
position, and remove it are crucial requirements.27,30 
Potential for customization and choice related to personal 

preferences (eg, time to get alerts, feedback), a long bat-
tery life, and the possibility of being waterproof are fur-
ther advantages.24,26,28-30,32

3. Confidentiality in data collection, privacy, and secu-
rity matters has been rarely addressed in studies inves-
tigating users’ experiences, despite their significance 
in this field. Concerns about the information not being 
kept confidential and concerns related to data safety 
have been expressed by patients and caregivers in sev-
eral studies,3,26,29,30,32 highlighting the potential conse-
quences that privacy breach could have on users’ daily 
life and restrictions of freedom (eg, driving, work, and 
insurance). Users require the information about where 
data are hosted, who manages them, the ethics of data 
ownership and use, and what measures are in place to 
maintain data security to be systematically provided and 
explicitly consented.35

4. Support might be required by PWE and caregivers,3,24 
covering different aspects: Technical support to improve 
device usability and addressing potential malfunctions, 
and clinical support26,30,36 to discuss the data collected 
and receive feedback. Technical support teams are fun-
damental and need to be easily identifiable and accessi-
ble. A third aspect to be considered is financial support 
for device purchase. Although some studies have indi-
cated that patients would be willing to contribute to the 

F I G U R E  1  Seizure-detection devices applications in relation to the needs of people with epilepsy and their caregivers
Fig. 2.3: Seizure benefits and patients’ needs [59].
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brain is in a hyperexcitable state before seizures.9,10 Other 
techniques, including auditory and visual steady-state 
responses11 and direct electrical stimulation12 of the brain, 
suggest that cortical hyper excitability is a precursor to 
epileptic seizures. These fi ndings suggest that seizures 
might be anticipated by careful observation of the brain. 
Reliable anticipation of seizure occurrence could allow 
patients to avoid dangerous situations and enable 
administration of treatments, such as electrical 
stimulation or acute drug delivery, targeted to when a 
seizure is likely to occur, rather than chronic 
administration, which is current clinical practice. 

The seizure advisory system is a hand-held device that 
receives and analyses electroencephalography (EEG) 
signals recorded directly from the surface of the brain, 
and then provides a visual and audible signal showing 
the likelihood of a seizure in the minutes or hours ahead. 
Here we report the results of the fi rst study to assess the 
safety and effi  cacy of the seizure advisory system in 
patients with drug-resistant epilepsy. 

Methods
Study design and participants
Before our study, NeuroVista (Seattle, WA, USA) 
assembled a large database of scalp and intracranial 

electroencephalograms (EEGs) recorded during assess-
ments of epilepsy-monitoring units at several academic 
centres. A development and validation test library of 
intracranial subdural grid EEG recordings from 49 patients 
(total duration 7192 h) was derived from these data.

A purpose-built cluster-computing environment was 
developed to assist in the search for a suitable algorithm 
on the basis of previously developed methods.13 The 
resulting prototype algorithm showed good performance. 
However, this early work had several limitations. Even 
with the application of the development and validation 
test library, conservative analysis methods often made 
meaningful diff erences between algorithm variants 
diffi  cult to show. A major limitation was the possibility of 
errors that arise from multiple comparisons and 
overinterpretation of the data, the eff ects of drug changes, 
and the changes that can result during the surgical 
recovery period. Steps were taken to avoid errors arising 
from multiple comparisons and overinterpretation of the 
data, and we did experiments to examine the eff ects of 
variation in the data that might arise from tapering of 
drugs or recovery after surgery. Previously, the seizure 
advisory system was deployed in dogs.14

We designed a feasibility study to provide safety and 
proof-of-concept effi  cacy data for the seizure advisory 
system in patients with medically refractory epilepsy. The 
study was done at three clinical centres in Australia—
Austin Health, the Royal Melbourne Hospital, and St 
Vincent’s Hospital, all of which are part of the Melbourne 
University Epilepsy Group. The human research ethics 
committees of the participating institutes approved the 
study and subsequent amendments. All patients gave 
written informed consent before participation. 

We recruited patients within our practices between 
March 24, 2010, and June 21, 2011. Enrolment dates were 
broadly defi ned prospectively to provide reasonable 
enrolment windows. We decided to conclude the study 
early on Oct 19, 2012, because of uncertainties about 
whether funding for the study would continue, to ensure 
optimum management of patients. Patients were 
selected mainly on the basis of suitable seizure frequency 
(between 2 and 12 seizures per month); patients were 
adults who had a level of independence suffi  cient to 
make the device useful in the management of daily 
activities. Complete lists of inclusion and exclusion 
criteria are in the appendix. Patients reported baseline 
seizure rates for the 3 months before enrolment. Patients 
meeting the inclusion criteria were implanted with the 
seizure advisory system and initially entered a data 
collection phase, during which intracranial EEGs were 
recorded but the hand-held device gave no advisories to 
the patients. When suffi  cient data were gathered, a 
patient-specifi c algorithm was created and then assessed 
against performance criteria. If the algorithm met these 
performance criteria, the patient entered the advisory 
phase, during which the device was enabled to provide 
visual and audible advisories. 

 Figure 1: Major components of seizure advisory system
Intracranial electrode arrays (location shown by grey areas) were used to collect intracranial electroencephalogram 
(EEG) data on the cortical surface. Leads were connected to a subclavicularly placed implanted telemetry unit, 
which wirelessly transmitted data to an external, hand-held personal advisory device. The external device received 
the telemetered EEG, applied an algorithm to the data, and displayed the resultant information as a series of 
advisory lights—blue (low), white (moderate), or red (high) indicators—in addition to an audible tone or vibration, 
or both. The hand-held device could be worn on the belt or carried in a bag. 
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Fig. 2.4: Image of an alarming signal [60].
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programmable, battery-powered microprocessor-controlled device implanted in the
cranium, which delivers a short train of electrical pulses to the epileptogenic zone
through intracranial electrodes when a seizure onset is detected. All is thus implanted
in the brain. An external system is however available to allow a physician to do
some adjustments. The RNS is illustrated in Fig. 2.5b.

(a) VNS system [62]. (b) RNS system [63].

Fig. 2.5: Representation of implantable medical devices for seizure detection and
stimulation.

2.3 Interpretability of the seizure detection

In all the algorithms presented, it can be seen that the sensitivity and accuracy
of the detection is generally high. However, false detections occur and not always all
the seizures are detected (sensitivity 6= 100%). It could be a significant problem for
patients, that can therefore not be totally confident in the detection device. There is
therefore a large gap between algorithms and needs of patients. Moreover, all the
algorithms are based on classification through features extraction from EEG signals.
The features are of various forms and most of the methods are very promising but all
the features are mathematical components and have no medical representation. The
physicians and experts are therefore unable to verify if a seizure is well detected with
regards to the features. A second need is not satisfied : the clinical management.
For all these reasons, an algorithm that is based on the idea of interpretability of the
seizures detection is very interesting.
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Chapter 3

Parameters identification algorithm

This chapter will present the algorithm that has been implemented in this master
thesis [64]. It has been developed by Xiaoya Fan and Antoine Nonclercq from
Université Libre de Bruxelles (ULB), in collaboration with medical departments
of Hôpital Erasme and Brugmann. The algorithm is based on the breakthrough
discovery that the excitation/inhibition imbalance of neurons plays a key role in
the mechanism of ictogenesis. Indeed, the contribution of the γ-aminobutyric acid
(GABA)A receptors in epileptic seizures development is more recognized as proved
in [65]. As said in Chapter 1, there are several types of epilepsy. In this algorithm,
the focus is on temporal lobe epileptic seizures characterized by a gradual change in
the neuronal dynamics. Therefore, studying the temporal evolution of underlying
neuronal parameters could provide information on the interictal to ictal transition.
Indeed, 30 iEEGs were recorded from 10 patients who suffer from temporal lobe
epilepsy (TLE).

The algorithm considered in this work is built on the estimation of three physi-
ologically meaningful parameters in interictal to ictal transition, that are average
excitatory (Ae), slow (B) and fast (G) inhibitory synaptic gains. These three pa-
rameters are medical components, and can be therefore interpreted by experts. The
detection can thus be verified at every moment and the patients could also verify
each detection if he has some knowledges about the normal (non-seizure) values of
these parameters. From these three parameters, four ratios were computed (Ae

G
, Ae

B
,

Ae

B+G
, B
G
) and analyzed over time, that permits to predict the epileptic seizure [64].

The parameters Ae, B and G are found for each period of 2 seconds of intracranial
EEG (iEEG) through a comparison with synthesized EEG from a neural mass model.
The algorithm is represented in Fig. 3.1.

The left side represents the synthesized EEG signals generated by the neural
mass model from a large range of possible parameters. The right side represents the
recorded iEEG signals processing. The features are extracted from both synthesized
(features vector F̂s) and recorded (features vector F̂r) EEG signals and compared
through an Euclidean distance based error calculation. The best triplets are then
selected and clustered to find the most representative triplet of parameters for each
period of 2 seconds of recorded iEEG. The ratios are computed and their temporal
evolution is compared to predefined thresholds to define seizure onset and offset. The
rest of this chapter presents each step in detail, summarizing the work of Xiaoya Fan
and Antoine Nonclercq, and ends with their validation of the algorithm. Performances
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Fig. 3.1: Parameters identification algorithm, adapted from [64]. This algorithm has
been implemented in MATLAB by Xiaoya Fan. The names of each MATLAB function is
reused in this figure. The whole implemented algorithm could be found through this
link : MATLAB implementation.
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are then evaluated in the purpose of this master thesis.

3.1 Neural mass model

The neural mass model implemented in this algorithm was developed in 2002 by
Wendling et al. in [66]. This section will present first the context in which the model
was developed and the mathematics behind it. Then, the focus will be set on the
generation of EEG signals with respect to the parameters.

3.1.1 Model context and description

On one hand, studies of the 2000s showed that gamma oscillations, that appear
as low-voltage rapid discharges, are often present during seizure onset and the
regions they originate from are generally considered to be highly epileptogenic.
Also, it has been shown that oscillations of gamma frequency are linked to the
behaviour of inhibitory interneurons in hippocampus or neocortex. These oscillations
in hippocampal pyramidal cells (main cells) may highly be induced by two types of
(GABA)A inhibitory postsynaptic currents (IPSCs) : the first one is rapidly rising
and decaying and is carried by somatic synapses and the second one is slowly rising
and decaying and is mediated by dendritic synapses. Therefore, a link is established
between the two types of inhibitors and epileptic seizures. On the other hand,
Freeman proposed in 1978 a model based on the fact that EEG is the reflection of
the dynamics between interconnected populations of neurons, precisely population
of pyramidal cells and interneurons populations. The neural mass model described
in [66] is based on this macroscopic organization of neurons and is represented in
Fig. 3.2.

of the first scenario is the absence seizure (Lopes da Silva et al.,
2003; Taylor et al., 2014). Temporal lobe seizures, on the other hand,
may be preceded by a gradual change in dynamics (Wendling et al.,
2002, 2005; Lopes da Silva et al., 2003), and studying the temporal
evolution of underlying parameters could reveal the mechanisms
underlying the interictal to ictal transition. One strategy is to use
coarse-grained cortical units as models of cortical tissue (Coombes,
2010). In these models, the average behavior of a large number of
neurons is described to capture the dynamics of a neuronal population
and study the interactions among different populations. The benefits
are twofold. First, the dimensionalities of both parameters and vari-
ables are dramatically reduced compared to fine-grained models, con-
tributing to a much lower computational load. Second, experimental
data required to construct such models are already available as no
detailed knowledge at the neuron scale is needed.
One of the best-known neural mass models is proposed by Jansen

& Rit (1995) based on the original work of Lopes da Silva et al.
(1974) and was further studied by Wendling et al. (2002) in the
framework of the analysis of temporal lobe epileptic signals. It has
been proposed that seizures are oscillatory attractors that can be
reached through underlying parameter change, or bifurcation (Wend-
ling et al., 2002). The interictal to ictal transition in human temporal
lobe epilepsy was studied in this framework by fitting a neural mass
model to temporally broad segments of intracranial EEG (iEEG) sig-
nals (Wendling et al., 2005). Further, a time-optimized identification
procedure to process long-duration signals (over a sliding window)
was used and a path through parameter space was illustrated to
explain the changing features of EEG waveform in absence seizure
evolution (Nevado-Holgado et al., 2012).
In this article, a neural mass model (Wendling et al., 2002) that

consists of four neural populations (main population, excitatory
interneurons, slow dendritic-projecting inhibitory interneurons, and
fast somatic-projecting inhibitory interneurons) is implemented and
automatically fitted to 30 SEEG signals recorded from 10 temporal
lobe epilepsy (TLE) patients during interictal to ictal transitions.
The recordings are processed within a sliding window, and physio-
logically meaningful parameters, namely average excitatory Ae,
slow B, and fast G inhibitory (related to GABAA kinetics) synaptic
gains, are identified within each window to reproduce those

recordings. The temporal evolution of excitation/inhibition ratios
(Ae/G, Ae/B, and Ae/(B + G)) and slow/fast inhibition ratio (B/G)
was obtained, and the global trend was analyzed to reveal dynam-
ics underlying interictal to ictal transition. Compared to previous
studies, our approach therefore allows a systematic analysis on
clinical data with both fine temporal resolution and global trend
analysis to better link computational research with experimental
findings.

Materials and methods

The neural mass model

The model implemented in our study was detailed previously
(Wendling et al., 2002). The neural mass model macroscopically
reflects the interactions between four subsets of neurons (see
Fig. 1A). The main population is composed of the principal cells
(i.e., pyramidal cells). It projects to and receives feedback from three
other populations of local interneurons, one excitatory, two inhibi-
tory. The two subsets of inhibitory interneurons are dendritic-pro-
jecting interneurons with slow synaptic kinetics (GABAA,slow) and
somatic-projecting interneurons with faster synaptic kinetics
(GABAA,fast), respectively. Somatic-projecting interneurons received
feedback from the other inhibitory interneurons.
The detailed schematic representation of the neural mass model is

shown in Fig. 1B. Each subset is modeled by two blocks, an asym-
metric sigmoid function Sigm(v) that converts the average postsy-
naptic membrane potential v into average pulse density of potentials
fired by the population, and a transfer function that transfers the
average pulse density of afferent action potential into an average
excitatory or slow/fast inhibitory postsynaptic membrane potential
with respective impulse response he(t), hb(t) or hg(t), as shown in
Eqns 1 and 2, respectively.

SigmðvÞ ¼ 2e0
1þ erðv0%vÞ : ð1Þ

where e0 determines the maximum firing rate of the population, v0
denotes the postsynaptic potential when a 50% of firing rate is
achieved, and r is the steepness of the sigmoid function.

Fig. 1. (A) Structure of the model (+/% represents excitatory/inhibitory); (B) detailed schematic representation of the model (EPSP/IPSP denotes excitatory/
inhibitory postsynaptic potential), adapted from Wendling et al. (2002).
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Fig. 3.2: Structure of the macroscopic neural mass model [64].

As can be seen, the model links four populations of neurons that interact with
each other. The first subset is composed of the main cells (pyramidal cells in
hippocampus or neocortex), which are very numerous in the cerebral cortex, making
them very important in cognitive processes [67]. It receives feedback from three
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other subsets composed of local interneurons, excitatory, slow dendritic-projecting
(GABAA,slow) and fast somatic-projecting (GABAA,fast) inhibitory ones respectively.
The pyramidal cells send excitatory currents to the other subsets and the slow
inhibitory interneurons inhibit the fast inhibitory ones. All these interactions are
symbolized by parameters that are described in Table 3.1.

The model can also be represented by a detailed scheme of interactions between
populations (Fig. 3.3). Again, the four subsets are represented through their impulse
response and parameters. The excitatory input p(t) represents the influence from all
other neighbouring brain areas and is modelled by a white Gaussian noise (µ = 90
pulses·s−1, σ = 30 pulses·s−1), that globally describes the average density of afferent
action potentials. The model output is the sum of the postsynaptic potentials in
activated pyramidal cells, it thus corresponds to the postsynaptic activity of the
main population, that possesses the same characteristics as an EEG signal.

of the first scenario is the absence seizure (Lopes da Silva et al.,
2003; Taylor et al., 2014). Temporal lobe seizures, on the other hand,
may be preceded by a gradual change in dynamics (Wendling et al.,
2002, 2005; Lopes da Silva et al., 2003), and studying the temporal
evolution of underlying parameters could reveal the mechanisms
underlying the interictal to ictal transition. One strategy is to use
coarse-grained cortical units as models of cortical tissue (Coombes,
2010). In these models, the average behavior of a large number of
neurons is described to capture the dynamics of a neuronal population
and study the interactions among different populations. The benefits
are twofold. First, the dimensionalities of both parameters and vari-
ables are dramatically reduced compared to fine-grained models, con-
tributing to a much lower computational load. Second, experimental
data required to construct such models are already available as no
detailed knowledge at the neuron scale is needed.
One of the best-known neural mass models is proposed by Jansen

& Rit (1995) based on the original work of Lopes da Silva et al.
(1974) and was further studied by Wendling et al. (2002) in the
framework of the analysis of temporal lobe epileptic signals. It has
been proposed that seizures are oscillatory attractors that can be
reached through underlying parameter change, or bifurcation (Wend-
ling et al., 2002). The interictal to ictal transition in human temporal
lobe epilepsy was studied in this framework by fitting a neural mass
model to temporally broad segments of intracranial EEG (iEEG) sig-
nals (Wendling et al., 2005). Further, a time-optimized identification
procedure to process long-duration signals (over a sliding window)
was used and a path through parameter space was illustrated to
explain the changing features of EEG waveform in absence seizure
evolution (Nevado-Holgado et al., 2012).
In this article, a neural mass model (Wendling et al., 2002) that

consists of four neural populations (main population, excitatory
interneurons, slow dendritic-projecting inhibitory interneurons, and
fast somatic-projecting inhibitory interneurons) is implemented and
automatically fitted to 30 SEEG signals recorded from 10 temporal
lobe epilepsy (TLE) patients during interictal to ictal transitions.
The recordings are processed within a sliding window, and physio-
logically meaningful parameters, namely average excitatory Ae,
slow B, and fast G inhibitory (related to GABAA kinetics) synaptic
gains, are identified within each window to reproduce those

recordings. The temporal evolution of excitation/inhibition ratios
(Ae/G, Ae/B, and Ae/(B + G)) and slow/fast inhibition ratio (B/G)
was obtained, and the global trend was analyzed to reveal dynam-
ics underlying interictal to ictal transition. Compared to previous
studies, our approach therefore allows a systematic analysis on
clinical data with both fine temporal resolution and global trend
analysis to better link computational research with experimental
findings.

Materials and methods

The neural mass model

The model implemented in our study was detailed previously
(Wendling et al., 2002). The neural mass model macroscopically
reflects the interactions between four subsets of neurons (see
Fig. 1A). The main population is composed of the principal cells
(i.e., pyramidal cells). It projects to and receives feedback from three
other populations of local interneurons, one excitatory, two inhibi-
tory. The two subsets of inhibitory interneurons are dendritic-pro-
jecting interneurons with slow synaptic kinetics (GABAA,slow) and
somatic-projecting interneurons with faster synaptic kinetics
(GABAA,fast), respectively. Somatic-projecting interneurons received
feedback from the other inhibitory interneurons.
The detailed schematic representation of the neural mass model is

shown in Fig. 1B. Each subset is modeled by two blocks, an asym-
metric sigmoid function Sigm(v) that converts the average postsy-
naptic membrane potential v into average pulse density of potentials
fired by the population, and a transfer function that transfers the
average pulse density of afferent action potential into an average
excitatory or slow/fast inhibitory postsynaptic membrane potential
with respective impulse response he(t), hb(t) or hg(t), as shown in
Eqns 1 and 2, respectively.

SigmðvÞ ¼ 2e0
1þ erðv0%vÞ : ð1Þ

where e0 determines the maximum firing rate of the population, v0
denotes the postsynaptic potential when a 50% of firing rate is
achieved, and r is the steepness of the sigmoid function.

Fig. 1. (A) Structure of the model (+/% represents excitatory/inhibitory); (B) detailed schematic representation of the model (EPSP/IPSP denotes excitatory/
inhibitory postsynaptic potential), adapted from Wendling et al. (2002).
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Fig. 3.3: Schematic detailed representation of the model [64].

Each population is characterized by a second order linear function (he(t), hb(t),
hg(t)) (Eq. 3.1) that transforms the average pulse density of afferent action potentials
into an average postsynaptic membrane potential (IPSP : inhibitory postsynaptic
potential ; EPSP : excitatory postsynaptic potential) and an asymmetric sigmoid
function (Eq. 3.2) that relates the average postsynaptic potential of a given subset
to an average pulse density of potentials fired by the neurons. Impulse responses
are shown in Fig. 3.4. One can see that the impulse response hg(t) is much faster
than hb(t). C1 to C7 are the connectivity constants (average number of synaptic
contacts) of the model and represent the weights of the interconnections between
the populations. All the model parameters are described and their typical values are
given in Table 3.1.

he(t) = Aeaete
−aet, hb(t) = Bbte−bt, hg(t) = Ggte−gt, with t ≥ 0 (3.1)

Sigm(ν) =
2e0

1 + er(ν0−ν)
(3.2)

Thereupon, assuming each linear impulse response introduces a pair of first order
differential equations where x(t) and z1(t) are the input and output signals of each
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Fig. 3.4: Average postsynaptic membrane potentials along time, obtained from
impulse responses he(t), hb(t) and hg(t).

transfer function, W = Ae, B or G and w = ae, b or g :{
ż1(t) = z2(t)
ż2(t) = Wwx(t)− 2wz2(t)− w2z1(t),

ten differential equations that govern the model are found. These ten equations are
solved by numerical methods and give rise to a synthesized EEG signal, depending
on the three parameters Ae, B and G as inputs of the model.

3.1.2 Synthesized EEG signals and parameter space

As already said, the neural mass model generates a synthesized EEG signal
whose appearance depends on the main parameters Ae, B and G. Therefore, by
varying these parameters, the model outputs different types of EEG activity, that
can be related to different phases of an EEG signal, particularly normal background,
sporadic spikes that appear during interictal periods, sustained spikes activity and
slow rhythmic activity that may be encountered at seizure onset or during seizures,
low-amplitude rapid discharges that are observed at the beginning of ictal periods
and low quasi-sinusoidal activity that usually follows rapid discharges. The values
of the three synaptic gains are thus linked to different phases of EEG signal in
an epileptic patient. Identifying those parameters in a recorded EEG signal may
therefore play a key role in epileptic seizure detection.

The technique developed in [64] is to generate EEG signals for each triplet of
parameters varying around their standard value and extract relevant features from
these EEG signals. As the excitation input p(t) is a white Gaussian noise, the EEG
signal output from the model depends on each realization. To avoid this dependence,
the model has been simulated 15 times for each triplet of parameters, as shown in
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Parameter Interpretation Value

Ae Average excitatory synaptic gain 3.25mV
B Average slow inhibitory synaptic gain 22mV
G Average fast inhibitory synaptic gain 10mV
ae Inverse of dendritic average time constant in the

feedback excitatory loop
100 s−1

b Inverse of dendritic average time constant in the
slow feedback inhibitory loop

50 s−1

g Inverse of somatic average time constant in the fast
feedback inhibitory loop

500 s−1

ν0 Postsynaptic potential when a 50% of firing rate is
achieved

6mV

e0 Maximum firing rate of the population 2.5 s−1

r Steepness of the sigmoid function 0.56mV−1

C1, C2 Average number of synaptic contacts in the
excitatory feedback loop

C1 = 135, C2 = 108

C3, C4 Average number of synaptic contacts in the slow
feedback inhibitory loop

C3 = C4 = 33.75

C5, C7 Average number of synaptic contacts in the fast
feedback inhibitory loop

C5 = C7 = 13.5

C6 Average number of synaptic contacts between slow
and fast inhibitory interneurons

C6 = 108

Table 3.1: Model parameters, their interpretation and standard value, adapted from
[66].
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Fig. 3.1. For each simulation, features were extracted from the EEG signal and
averaged features were obtained. However, if there is bimodality in feature values
(existence of two peaks in probability density function), averaging the features is not
relevant. The bimodality coefficient was calculated and 95.86% of the feature values
are considered unimodal (bimodality coefficient below 0.555). Therefore, the features
averaging is meaningful.

The three parameters varying around their standard value form a parameters
space (Table 3.2) in which an exhaustive grid search is done to find the corresponding
parameters set of the EEG period considered. The grid search has a resolution of
0.5mV in slow and fast inhibition (B and G) and of 0.125mV in excitation (Ae), Ae
varying from 3 to 7mV and B and G from 0.5 to 50mV. In total, 4 950 000 synthesized
EEG signals are generated to obtain 330 000 features vectors (15 simulations per
triplet and then features vector), one for each triplet of parameters Ae, B and G.
These information are summarized in Table 3.2.

Parameter Lowest limit [mV] Highest limit [mV] Resolution [mV] Number of
runs

Ae 3 7 0.125 33
B 0.5 50 0.5 100
G 0.5 50 0.5 100

Table 3.2: Summary of resolution and extrema values of the grid search.

3.2 Pre-processing

As shown in the right branch of Fig. 3.1, the recorded EEG signals should be
pre-processed before we can extract some features from them. Indeed, as already said
in Chapter 1, EEG recordings suffer from parasitic artifacts that must be removed.
The EEG signal is here passed through a high-pass filter with cut-off frequency
of 0.16Hz, a low-pass filter with cut-off frequency of 64Hz and a notch filter that
removes the 50Hz frequency (Fig. 3.5).
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Fig. 3.5: Schematic of the pre-processing step.

3.2.1 High-pass filter

The high-pass filter removes the slow baseline drift of the signal, that comes from
respiration, variations in electrode impedance, excessive body movements [68] and
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in EEG particularly from eye movements and blinking [69]. The filter implemented
in the algorithm is a second order Butterworth filter. The Butterworth filter is an
infinite impulse response (IIR) filter. The advantages to use IIR filters and not
finite impulse response (FIR) filters is that the order of an IIR filter compared to
an equivalent FIR filter meeting the same specifications is much lower and thus the
computational complexity is also lower. However, an IIR filter is less stable and
introduces distortion in the signal. In this case, the algorithm deals with plenty of
data and operations, so a low complexity is more interesting. An IIR filter is thus
most relevant [70]. The choice for the Butterworth filter compared to other windows
represented in Fig. 3.6 was encouraged by the fact that the Butterworth window is
maximally flat, it does not add parasitic fluctuations in the signal, assuring a good
quality of the output signal in all frequency bands, which is important to keep the
frequency content unchanged. In contrary, the fall-off of the filter is not as sharp as
for other filters but it does not have a strong influence here [71].
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Fig. 3.6: Four types IIR filters [72].

The frequency content of input and output signals of the high-pass filter in the
interesting range of frequencies (0 to 1Hz) are represented in Fig. 3.7. One can see
that the frequencies under 0.16Hz are filtered.

3.2.2 Low-pass filter

The low-pass filter, on the other hand, removes the electronic noise coming from
data acquisition devices. Indeed, the devices used to acquire EEG signal (electrodes,
operational amplifiers, etc.) introduce high-frequency noise that should be discarded.
The low-pass filter is also a second order Butterworth IIR filter, for the same reasons
as the high-pass filter.

The frequency content of the input and output signals of the low-pass filter may
be observed in Fig. 3.8.
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(a) Before high-pass filter.
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(b) After high-pass filter.

Fig. 3.7: Frequency content of EEG signal between 0 and 1Hz. The cut-off frequency
is highlighted by a red vertical line.
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(a) Before low-pass filter.
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(b) After low-pass filter.

Fig. 3.8: Frequency content of EEG signal between 50 and 250Hz. The red line
marks the cut-off frequency : 64Hz.
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3.2.3 Notch filter

The notch filter is, for its part, used to remove the power line noise. In our
countries, the alternating currents in standard electric outlets oscillate at 50Hz,
so that the EEG is often contaminated by 50Hz electric fields in the surrounding
environment [73]. The notch filter is a second order IIR filter, that offers also a low
complexity and delay.

The frequency content of the input and output signals of the notch filter is shown
in Fig. 3.9. The power line at 50Hz is well discarded in output signal. The output
signal of the notch filter is also the output signal of the denoising.m function. This
signal is therefore pre-processed.
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(b) After notch filter.

Fig. 3.9: Frequency content of EEG signal between 30 and 70Hz. The red line marks
the removed frequency (50Hz).

3.3 Features extraction

Once the EEG signal is pre-processed and all the artefacts are removed, relevant
features can be extracted from the signal. To make a pertinent extraction of features,
the recorded EEG signal should be segmented into periods of 2 s with a step of 0.1 s.
The segment size (2 s) is short enough to get quasi-stationary EEG signal and long
enough to allow proper parameters identification. The step size (0.1 s) was chosen to
track parameters with high temporal resolution. For each period, a feature vector
(F̂r) is calculated, based on both spectral and temporal properties of the signal.
Indeed, the feature vector of one segment contains seven spectral and seven temporal
features. From this step till the epileptic seizure detection, all operations will apply
over a period of 2 s at a time, being carried out on all segments until the end of the
EEG recording. This step’s description is illustrated by Fig. 3.10.

3.3.1 Spectral features

The spectral features are computed as the relative power within seven frequency
bands. The frequency bands were chosen by looking at the spectral density in
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Fig. 3.10: Schematic of the features extraction step.

function of the frequency in EEG signal. Most of the frequencies in the human
EEG signal are low (as observed in Fig. 3.7, Fig. 3.8 and Fig. 3.9) because the
different waves in a human brain have low frequencies [74]. For that reason, the
seven frequency bands are 0.5-1.5, 1.5-2.5, 2.5-4.5, 4.5-8.5, 8.5-16.5, 16.5-32.5 and
32.5-64.5 Hz.

The relative power in each frequency band was calculated from the Fast Fourier
Transform (FFT) of the signal. Indeed, once the FFT was computed, the values of
its module were selected for each band and the power in the band was calculated
with Eq. 3.3. The relative power is then obtained by dividing the power of the band
by the total power of the signal. An illustration of the relative powers in function of
the frequency bands may be observed in Fig. 3.11.

power =
∫

band
|X(f)|2df (3.3)

3.3.2 Temporal features

The temporal features are obtained by computing the absolute signal amplitude,
dividing it in seven equally sized bins and calculating the ratio between the number
of samples in each bin and the total number of samples. An illustration of seven
temporal features is represented in Fig. 3.12.

3.4 Best parameters’ triplets selection

As soon as the features are all extracted, the ones of the recorded signal (F̂r)
should be compared to the ones of the synthesized signals (F̂s) generated from
all possible combinations of the parameters Ae, B and G to find the parameters
associated to the considered period of the recorded signal. The comparison is done
through an Euclidean distance based error function. The errors are then sorted and
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Fig. 3.11: Illustration of spectral features for the first period of 2 s.
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Fig. 3.12: Illustration of temporal features for the first period of 2 s.
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the 50 best triplets of parameters associated with the 50 lowest errors are selected.
These operations are summarized in Fig. 3.13.

Features vector !𝐹!Each triplet’s error
Best 0.015% selection 
ExhaustiveSearch.m

Euclidean distance based error calculation
ExhaustiveSearch.m

50 best triplets

Average features 
vector !𝐹"(Ae,B,G)

Fig. 3.13: Schematic of the parameters selection function.

3.4.1 Error calculation

For each 2 s period, an error is calculated between the features vector calculated
by featureCalc.m and all the features vectors generated by the neural mass model
ε(F̂r, F̂s(Ae, B,G)). This error evaluates the dissimilarity between the two signals by
computing the Euclidean distance based error in the least squares between the two
features vectors considered :

ε(F̂r, F̂s(Ae, B,G)) =
14∑
i=1

(F̂r,i − F̂s,i(Ae, B,G))2 (3.4)

A vector of 330 000 errors is thus generated for each period of 2 s.

3.4.2 Sort of errors and triplets selection

As it is assumed that parameters with similar values (close in parameter space)
enable the model to generate similar signals, the errors are then sorted in ascending
order by the quicksort algorithm and the 0.015% of triplets of parameters with
smallest errors are selected to be potential solutions. Quicksort algorithm is chosen
because it has a computational complexity of O(n log2 n) on average. It can be in
worth case O(n2) but this behaviour is very rare.

The quicksort algorithm is a divide-and-conquer algorithm, meaning that it works
by recursively dividing a problem into two or more sub-problems until it could be
solved simply [75]. It selects a pivot, generally the last element of the dataset and
classifies the elements into two sub-arrays according to whether they are larger
or smaller than the pivot. After that, the pivot is in its final position. The two
sub-arrays are partitioned using the same technique, and it goes on until all the
elements are in good position [76]. The algorithm is illustrated in Fig. 3.14 and is
available at this link : Quicksort algorithm.
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Fig. 3.14: Dynamic illustration of the quicksort algorithm[76].

3.5 Clustering and parameters averaging

Among the 50 potential solutions of the parameters triplets, one triplet of
parameters should be computed to be able to interpret the epileptic character of the
considered segment of signal. To have the most representative triplet of the model,
it is not the "best" triplet that is selected, i.e. the one that has the smaller error,
but all these 50 solutions are grouped into clusters in order to discard the potential
outliers. In order to do this, a density-based spatial clustering of applications with
noise (DBSCAN) is used and the best cluster, that is the one that minimizes the
error function is further selected. Then, each parameter Ae, B and G is the average
of all the parameters of the cluster selected. The set of parameters calculated in this
way is therefore the most representative of the model behaviour. A reminder of this
step is in Fig. 3.15.

50 best triplets

Clustering
DBSCAN.m

Selected cluster Most representative 
triplet (Ae, B, G)

(Ae, B, G) averaging
AnalysisCandidates.m

Fig. 3.15: Schematic of the operations done.

3.5.1 DBSCAN clustering

DBSCAN is an unsupervised clustering machine learning algorithm. A clustering
algorithm aims to group similar data points into clusters (artificial defined groups).
An unsupervised clustering algorithm does it without pre-labeled targets. The
particularity of the DBSCAN versus other clustering techniques is that the number
of clusters should not be pre-specified and it works with arbitrary shaped clusters
[77]. This can be observed in Fig. 3.16.

The DBSCAN works by linking neighbour points together. Two parameters
are defined : ε, the maximum distance of the neighbourhood, and minPoints, the
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Fig. 3.16: The same dataset clustered by KMeans (partition-based clustering) and
DBSCAN [77].

minimum number of data points within ε for the neighbourhood to be considered in
the cluster. Three additional terms should also be defined :

1. Core point : a core point have at least minPoints within an ε distance around
it.

2. Border point : a border point is in the neighbourhood of a point but has less
than minPoints points in its surrounding.

3. Outlier : an outlier is not part of a neighbourhood. It is located in a low-density
area.

Thereupon, the DBSCAN operation is as follows : a first random point is selected as
a core point. Then, each point in its neighbourhood is evaluated to determine if it is
a core point, a border point or an outlier. Each core point is added to the cluster
and the neighbourhood is also evaluated. The cluster is complete when there are no
more points within the ε distance of from any point in the cluster. A new random
point is therefore selected and a new cluster is formed. The DBSCAN is illustrated
in Fig. 3.17 with ε = 1 unit and minPoints = 4.

In the algorithm implemented in [64], ε is chosen to be 4.2071 and minPoints is
set to 5.

3.5.2 Averaging parameters

The different clusters are defined among the 50 triplets of parameters. The cluster
with the smaller average error is taken as the optimal cluster. A varying number of
triplets are then retained. For each parameter, the mean of this parameter in each
triplet is computed : 

Ae = mean(∀Ae in cluster)
B = mean(∀B in cluster)
G = mean(∀G in cluster)
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Fig. 3.17: Illustration of the density-based spatial clustering of applications with
noise [77].

The triplet with these parameters Ae, B and G is the center of the selected cluster
and therefore assumed to be the most representative one.

3.6 Temporal analysis of ratios

As said in the beginning of this chapter, the epileptic seizure reflects an imbalance
between neuronal excitation and inhibition, this is why the ratios between the
parameters Ae (average excitatory synaptic gain), B (average slow inhibitory synaptic
gain) and G (average fast inhibitory synaptic gain) are computed and analyzed over
time to detect seizure occurence. This step is represented in Fig. 3.18.
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Fig. 3.18: Illustration of the ratios computation and temporal analysis of those ones.

Four ratios are therefore computed from the representative triplet of parameters :

1. Ae

G
: the ratio between excitation and fast inhibition ;

2. Ae

B
: the ratio between excitation and slow inhibition ;

3. Ae

(B+G)
: the ratio between excitation and the sum of slow and fast inhibition ;

4. B
G

: the ratio between fast and slow inhibition.

These ratios are expected to increase around seizure onset and to decrease around
seizure offset. To be able to observe correctly the trend of each ratio, a low-pass
moving average filter is applied, using a 30 s window to smooth the signal. This is
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why two points of interest were defined : Irise (red dot in Fig. 3.19), that is related
to seizure onset and is the first point when the ratio crosses one standard deviation
(SD) above the mean (blue dashed horizontal line in Fig. 3.19) and continues to
increase to at least two SD above the mean ; and Ifall (green dot in Fig. 3.19), that is
related to seizure offset and is the point when the ratio falls below one SD above the
mean after Irise. The red and green dashed vertical lines refer to medically defined
seizure onset and offset, respectively.
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Fig. 3.19: Illustration of the iEEG recording and the temporal evolution of the four
ratios, as well as the filtered four ratios.

Irise is considered to be seizure onset if it locates between 30 s before onset and
offset and similarly, Ifall is related to offset if it locates within the period from onset
to 30 s after offset. The seizure is detected in three ratios out of four and Irise occurs
around seizure onset for two ratios (Ae

G
and Ae

(B+G)
).

3.7 Results and validation

To validate the algorithm, analyses of each ratio in each patient and for all the
30 iEEG recordings were performed in [64]. Some results are highlighted from these
analyses. First, Fig. 3.20 shows how Irise is positioned related to the onset of the
seizure. For each seizure and each ratio, it illustrates the delay between Irise and the
onset. When Irise precedes the onset, the delay is negative and in contrary positive
when Irise follows the onset. The red horizontal line marks 30 s before onset and the
green dashed line corresponds to offset. Similarly, Fig. 3.21 gives an insight on the
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delay between Ifall and the offset of the seizure. The red line corresponds therefore
to the onset and the green dashed line to 30 s after the offset. All the Irise and Ifall of
the different ratios that lie between the two lines are related to seizure onset and
offset, respectively.

our study. This could be explained by the rather short period of time
of activation of fast-spiking interneurons at the beginning of the sei-
zure. Indeed, it was reported that the fast-spiking interneuron firing
rates were initially high, yet began to drop as pyramidal cell firing
rates increased approximately 4 s later, in the pilocarpine freely

moving rat model of epilepsy (Grasse et al., 2013). Therefore, the
possible decrease in excitation/fast inhibition ratio at seizure initia-
tion should be brief. This transient decrease in excitation/fast inhibi-
tion ratio at seizure onset cannot be seen when analyzing more
general trends (please remind the 30 s smoothing window).

Fig. 6. Time delay to seizure onset calculated from four ratios, Ae/G, Ae/B, Ae/(B + G), and B/G, respectively. Results from different patients are indicated by
the shaded boxes. The solid red line corresponds to 30 s before seizure onset, that is, time delay to seizure onset is !30 s. The dashed green line refers to sei-
zure offset, that is, time delay to seizure onset equals to seizure duration and is not constant because different seizures have different durations. [Colour figure
can be viewed at wileyonlinelibrary.com].

Fig. 7. Time delay to seizure offset calculated from four ratios, Ae/G, Ae/B, Ae/(B + G), and B/G, respectively. Results from different patients are indicated by
the shaded boxes. The dashed green line corresponds to 30 s after seizure offset, that is, time delay to seizure offset is 30 s. The solid red line refers to seizure
onset, that is, time delay to seizure offset equals to minus seizure duration and is not constant because different seizures have different durations. [Colour figure
can be viewed at wileyonlinelibrary.com].
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Fig. 3.20: Illustration of the delays between Irise and onset for 30 seizures and all
ratios [64].

our study. This could be explained by the rather short period of time
of activation of fast-spiking interneurons at the beginning of the sei-
zure. Indeed, it was reported that the fast-spiking interneuron firing
rates were initially high, yet began to drop as pyramidal cell firing
rates increased approximately 4 s later, in the pilocarpine freely

moving rat model of epilepsy (Grasse et al., 2013). Therefore, the
possible decrease in excitation/fast inhibition ratio at seizure initia-
tion should be brief. This transient decrease in excitation/fast inhibi-
tion ratio at seizure onset cannot be seen when analyzing more
general trends (please remind the 30 s smoothing window).

Fig. 6. Time delay to seizure onset calculated from four ratios, Ae/G, Ae/B, Ae/(B + G), and B/G, respectively. Results from different patients are indicated by
the shaded boxes. The solid red line corresponds to 30 s before seizure onset, that is, time delay to seizure onset is !30 s. The dashed green line refers to sei-
zure offset, that is, time delay to seizure onset equals to seizure duration and is not constant because different seizures have different durations. [Colour figure
can be viewed at wileyonlinelibrary.com].

Fig. 7. Time delay to seizure offset calculated from four ratios, Ae/G, Ae/B, Ae/(B + G), and B/G, respectively. Results from different patients are indicated by
the shaded boxes. The dashed green line corresponds to 30 s after seizure offset, that is, time delay to seizure offset is 30 s. The solid red line refers to seizure
onset, that is, time delay to seizure offset equals to minus seizure duration and is not constant because different seizures have different durations. [Colour figure
can be viewed at wileyonlinelibrary.com].
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Fig. 3.21: Illustration of the delays between Ifall and offset for 30 seizures and all
ratios [64].

Among 30 seizures, 83.3% of the Irise for Ae

(B+G)
(excitation over slow and fast

inhibition), 93.3% for Ae

B
(excitation over slow inhibition), 30% for Ae

G
(excitation

over fast inhibition) and 60% for B
G

(slow inhibition over fast inhibition) may be
related to seizure onset. Further analysis shows that the ratios restored before seizure
offset in most cases : 25/25 for Ae

(B+G)
, 24/28 for Ae

B
, 24/24 for Ae

G
and 17/18 for B

G
.
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Other analysis could be concluded by the fact that excitation over slow inhibition
rises and restores earlier than excitation over fast inhibition for most seizures.

The sensitivity of the chosen parameters (period size, period step, number of best
triplets, low-pass moving average filter length) was also conducted. The delay between
Irise and onset and Ifall and offset were calculated while varying the parameters. In
conclusion, they vary less than 5% for all parameters, excepted for the B

G
ratio where

the rise and fall are more sensitive to the period step. Indeed, they vary by more
than 10% with the step changing. This could be due to the complexity of interactions
between fast and slow inhibitory neurons.

The algorithm can also be validated by the usual metrics presented in chapter
Chapter 2. Four metrics was computed in [78] to demonstrate the validation of
their algorithm : the sensitivity (Chapter 2), the false positive rate (FPR) that
is the number of FP, i.e. seizures detected by algorithm but not marked this way
by the physician, occured on the total recording time ( FP

Total time), the mean false
detection duration (MFDD) that corresponds to the average of the durations of all
FP and the detection delay that is the between the seizure onset marked by the
expert and the one detected by the algorithm. In [78], the algorithm was tested
on more iEEG recordings and also more patients than in [64]. The metrics are
therefore computed for 12 TLE (temporal lobe epilepsy) patients, 8 FLE (frontal
lobe epilepsy) patients and 3 patients that suffer from fronto-temporal lobe epilepsy
(FTLE), parieto-temporal-occipital lobe epilepsy (PTOLE) and occipital lobe epilepsy
(OLE). Table Table 3.3 summarizes these metrics for each type of epilepsy tested
with this algorithm of detection.

Patient group Sensitivity (%) FPR (/h) MFDD (s) Detection delay (s)

TLE 93.33 0.28 19.1 14.4
FLE 60.87 0.17 9.3 -3.25
FTLE 100.00 0.06 3.0 31.3
PTOLE 50.00 2.85 40.0 28.0
OLE 0.00 0.17 34.5 N/A

Table 3.3: Summary of the four metrics values for each type of epilepsy, inspired
from [78].

As, for FTLE, PTOLE and OLE, the dataset is not representative (only one
patient of each), conclusions for these types may not be made. However, it can
clearly be concluded that the algorithm is more adapted to TLE patients than FLE
patients. The sensitivity is indeed much higher. However, the FPR is higher too,
that can be explained by the fact that one patient of the TLE group has probably a
pathological network between the temporal lobe and fronto-orbital regions, which
makes him an unclassifiable patient. The negative delay for FLE patients means
that the algorithm detected the seizure onset before the expert.
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3.8 Performances

To conclude this chapter on the parameters identification algorithm and to
introduce the work realized in the master thesis, performances in terms of execution
time were analyzed. As the focus of this work is the real-time aspect, and the different
segments done in the EEG signal last 2 s with a 0.1 s step, the three parameters
selection and the detection should ideally be performed in less than 0.1 s for each
period of 2 s. It is why analyzing the execution time profile is interesting. To track
the execution time of the all algorithm, the MATLAB profiler was used. The profiler
informs about time-consuming functions and helps the user to focus on these functions’
optimization. The profiler of the main function that runs the entire algorithm with
all the functions detailed in Fig. 3.1 is in Fig. 3.22. This time profile does not include
the neural mass model and therefore the generation of the 330 000 features vectors.
The features vectors were then just loaded in this run of the algorithm.

test_ExhaustedSearch (Calls: 1, Time: 381.465 s)
Generated 04-Aug-2020 16:34:30 using performance time.
script in file /Users/aliceborbath/OneDrive - UCL/Master thesis/Matlab code/Main/test_ExhaustedSearch.m
Copy to new window for comparing multiple runs

Refresh

Show parent functions Show busy lines Show child functions

Show Code Analyzer results Show file coverage Show function listing

Parents (calling functions)
No parent 

Lines where the most time was spent

Line Number Code Calls Total Time % Time Time Plot

121 [RESULT, FVAL] = ExhaustedSear... 1 359.503 s 94.2%

124 [RESULT_DBSCAN] = AnalysisCand... 1 10.230 s 2.7%

132 TempEvolutionRatios(result,win... 1 5.967 s 1.6%

67 Dat = load([PathEEG filename '... 1 3.256 s 0.9%

27 load('FeatureVectorsModel.mat'... 1 0.634 s 0.2%

All other
lines     1.876 s 0.5%

Totals     381.465 s 100%  

Children (called functions)

Function Name Function Type Calls Total Time % Time Time Plot

ExhaustedSearch function 1 359.499 s 94.2%

AnalysisCandidates function 1 10.226 s 2.7%

TempEvolutionRatios function 1 5.963 s 1.6%

close function 1 0.435 s 0.1%

xlsread function 1 0.431 s 0.1%

denoising function 1 0.244 s 0.1%

num2str function 1 0.016 s 0.0%

FixWindows function 1 0.005 s 0.0%

Self time (built-ins, overhead, etc.)     4.648 s 1.2%

Totals     381.465 s 100%  

Code Analyzer results

Line
number Message

Fig. 3.22: MATLAB profiler of the main function running the algorithm.

As it can be observed, the total time of execution of the algorithm for a recorded
EEG signal of 14min and 18 s is of 381.465 s. Most of this time is spent to do the
exhaustive search in which the error calculation takes 52.7% and the sorting 45.6%
of the execution time of ExhaustiveSearch.m. It can be seen in Fig. 3.23. The
error calculation being a least squares error and being applied 330 000 times for each
feature out of 14, the computational complexity is high. A squared operation is
indeed applied 4 620 000 times. The sorting operation, even if the chosen algorithm
is a low complexity algorithm, has a complexity of O(n log2 n) with n = 330 000.

The error calculation and the sorting operation therefore require special attention
in the ultra-low-power implementation.
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ExhaustedSearch (Calls: 1, Time: 359.499 s)
Generated 04-Aug-2020 16:43:58 using performance time.
function in file /Users/aliceborbath/OneDrive - UCL/Master thesis/Matlab code/Main/ExhaustedSearch.m
Copy to new window for comparing multiple runs

Refresh

Show parent functions Show busy lines Show child functions

Show Code Analyzer results Show file coverage Show function listing

Parents (calling functions)

Function Name Function Type Calls

test_ExhaustedSearch script 1

Lines where the most time was spent

Line Number Code Calls Total Time % Time Time Plot

29 CostAll = sum((FeatureVectorsM... 8561 189.543 s 52.7%

31 [CostAscend, IndexAscend] = so... 8561 164.013 s 45.6%

28 [FeatureVector]= FeatureCalc(d... 8561 5.174 s 1.4%

32 Candidates = Params(1:3,IndexA... 8561 0.282 s 0.1%

34 RESULT{CurWin} = Candidates'; 8561 0.207 s 0.1%

All other lines     0.279 s 0.1%

Totals     359.499 s 100%  

Children (called functions)

Function Name Function Type Calls Total Time % Time Time Plot

FeatureCalc function 8561 5.083 s 1.4%

Self time (built-ins, overhead, etc.)     354.415 s 98.6%

Totals     359.499 s 100%  

Code Analyzer results

Line
number Message

1 Best practice is to separate output variables with commas.

27 The value assigned to variable 'N' might be unused.

31 The value assigned here to 'CostAscend' appears to be unused. Consider
replacing it by ~.

34 The variable 'RESULT' appears to change size on every loop iteration.
Consider preallocating for speed.

35 The variable 'FVAL' appears to change size on every loop iteration.
Consider preallocating for speed.

Fig. 3.23: MATLAB profiler of the ExhaustiveSearch.m function.
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Chapter 4

Ultra-low-power implementation

In this chapter, the implementation of the parameters identification algorithm
will be explained, highlighting the choices made in each function to limit the
computational complexity, the usage of memory and the power envelope. The
final performances of the implementation will then be presented. The complete
C implementation is available online, the reader can message the author at al-
ice.borbath@student.uclouvain.be or the supervisor at david.bol@uclouvain.be.

As the main purpose of this master thesis is to develop the embedded program-
ming for a microcontroller, the implementation of the algorithm has been made
in C language. Indeed, Embedded C is a very frequently used programming lan-
guage to do embedded programming, because it is more portable than low-level
assembly languages. It can run on a lot of different architectures processors without
modifications. And it is less complex and much more efficient (20% with regard
to a modern language like C++, estimated by experts) than traditional high-level
languages [79]. The Fig. 4.2 illustrates the implementation that has been made,
with the size of inputs and outputs of the different functions. The microprocessor
targeted is a Cortex-M processor, as Cortex-M processors are specifically designed for
microcontrollers, thanks to their optimized cost and energy-efficient characteristics
[80]. The Cortex-M4 in particular has been chosen for this implementation because
of its signal processing and high efficiency capabilities. The Cortex-M4 has many
various specifications (shown in Fig. 4.1) but the two of interest in this work are
the digital signal processing (DSP) extension and the Floating-Point Unit (FPU),
the first being able to manage and process signals and the second being useful to
handle floating-point numbers. These two features are used in the implementation.
Finally, the integrated development environment (IDE) used to run the C code and
simulate the Cortex-M4 behaviour is the Keil µVision IDE.

As it can be seen, the main difference with the MATLAB implementation is the
application of the filters on a period of 1000 samples only (2 s). The other big
specificity is that the algorithm generates a triplet of parameters Ae, B and G
but does not give the information of seizure or non-seizure. As in the algorithm
implemented by [64], the detection results from an analysis of the behaviour of the
ratios along all the recording time and is based on two pre-determined thresholds, it
is impossible to determine if a seizure is detected or not following the same reasoning
in a real-time application. The detection could be made on the only information
of the three parameters and the values of their ratios, but would be less accurate.
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Fig. 4.1: Cortex-M4 scheme [81].

As the three parameters are physiologically meaningful, an expert could therefore
assume there is a seizure or not and a discussion with experts and physicians could
be made to find a solution to get a final detection in real-time.

4.1 Choices of implementation

In this section, the choices of implementation and optimization of the algorithm
that have been made will be explained and justified.

4.1.1 Sorting operation

First, the sorting function was analyzed. It is indeed one of the two functions
that has the biggest execution time in MATLAB. To overcome this high computational
complexity, an adaptation of the Quicksort algorithm has been chosen : the Quick-
select algorithm, also known as "Hoares’s selection algorithm". This algorithm is
similar to Quicksort one but, while Quicksort is doing a complete sorting of the input,
Quickselect only finds the kth lowest or largest element of the input, called pivot
and partitions the input data into values smaller or larger than the pivot (Fig. 4.3,
available at Quickselect algorithm). The difference with Quicksort is that, instead of
recurring for both sides after finding the final place of the pivot, it recurs only on the
side in which lies the kth element. The complexity is then reduced from O(n log2(n))
to O(n), with a worth-case being still O(n2). To lower the probability of having the
worst-case, the pivot has not been chosen as last element (as it is generally done),
but random element. Indeed, the worst-case occurs when the pivot is continuously
the minimum or maximum of the dataset. Therefore, in an already sorted input,
taking the last element leads to worth-case. By taking a random element at each
iteration however, the probability of having the worst-case is very low.

As, in the case of this algorithm, the goal is to only select the 50 best triplets, not
to sort all the 330 000 parameters triplets according to their error, the Quickselect
algorithm is more appropriate and the resulting complexity is O(n) where n =
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1 10 102 103 104 105

Table length[/]

Data Samples 1 x 1000

Filtered Data Samples 1 x 1000

Features 1 x 14

Errors 330 000 x 1

Best Parameter Triplets 50 x 3

Representative Triplet 1 x 3

Data 
Processing

Feature extraction

Sorting and Selection

Error 
Calculation

Clustering and 
Averaging

1 10 102 103 104 105

Synthesized Features 330 000 x 17

Denoising.c

FeatureCalc.c

ExhaustiveSearch.c

QuickSelect.c

DBSCAN.c
AnalysisCandidates.c

Fig. 4.2: Complete view of the C implementation of the algorithm, as well as the
sizes of inputs and outputs. The two yellow datasets (data samples and synthesized
features) are loaded in the algorithm, the data samples being recorded by the iEEG
and the synthesized features and the corresponding parameters being generated by
the neural mass model.
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Fig. 4.3: Dynamic illustration of the quickselect algorithm[82], in comparison with
the quicksort algorithm.

330 000.

4.1.2 FFT operation

The FFT operation being a divide and conquer algorithm applied on recursive
dataset divided by 2, it has been chosen to have a size of FFT equal to a power of 2.
The closest power of 2 of 1000 is 1024 that was selected as FFT size in order to have
a slightly increased resolution but a still reasonable computational complexity. 24
zeros were then padded to the data signal. The computational complexity of the
FFT operation is O(n log2 n), n being here chosen to 1024.

4.1.3 Grid search resolution

In order to reduce the execution time and the memory requirements, the grid
search resolution has been decreased. The results of the C implementation were
compared to the ones of the MATLAB implementation to evaluate the performances
with a resolution decrease. The results of several simulations are presented in
Table 4.1. Three segments were tested for each modification of resolution : the first
segment of 2 s recorded, the 17th because B and G are changing, and the 3500th

because it is during the seizure.

As seen in Table 4.1, the 3500th segment, located during the seizure is not well
performed. As the seizure is the point of interest, the third resolution has been
selected, i.e. Ae varying from 3 to 7mV with a step of 0.125mV, B going from 0.5
to 50mV in increments of 0.5mV and G being reduced from 0.5 to 49.5mV, with a
resolution of 1mV. It could be deduced that the algorithm during seizure is not very
sensitive to G parameter resolution decrease. However, a too large decrease leads
also to higher errors, as it is shown in the last line of Table 4.1. Another conclusion
which can be drawn from this Table is that the Ae parameter is less sensitive to
resolution reduction than other parameters. Indeed, the error of the Ae parameter is
under 6% in every case.
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However, even with a lowest resolution of the grid search and a number of
parameters triplets reduced to 165 000, the execution time stays high : 37.328 s. This
execution time is estimated using the Performance Analyzer tool provided by Keil
µVision, shown in Fig. 4.4. The Keil µVision IDE simulates the program in complete
Arm system, including the processor, the memory and the peripherals [83]. The
execution time estimated by Keil is therefore a good approximation of what is going
to happen in a real Cortex-M4 processor. The frequency of the ARM Cortex-M4 is
set to 24MHz, the optimization level, that indicates how much the IDE optimizes
the program code and discards not used functions at compilation time, is set to
image size (program size optimization).

Fig. 4.4: Performance Analyzer for the implementation of the algorithm with mod-
ifications already mentioned : 1000 samples filter, FFT size of 2024, reduced grid
resolution, Quickselect selection.

The decompress function is executed at the system initialization step, before
the algorithm has began. Therefore, it should only be executed one time at the
beginning, which is not too problematic for the target application studied in this
work.

4.1.4 Error calculation

As the execution time is quite high even with a grid resolution reduction, other
optimizations should be done to be able to have information in real-time. As the
least squares error calculation was the other time-consuming function in MATLAB and
is also time-consuming in C implementation, as shown in Fig. 4.4 (powf being the
squared value of the difference), it has been tested to evaluate the error only by the
absolute value of the difference. It can be seen that the difference is non negligible,
as the execution is reduced by 77.69% (8.327 s). Moreover, the performances are
not too much affected, keeping an error percentage of (0.95, 39.86, 5.98)% for the
three parameters. The B parameter is worse, but as mentioned in Chapter 3, the B
parameter is very sensitive. These results are only based on the first segment of 2 s.
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4.1.5 Cortex-M4 frequency increase

The frequency of the core was increased to 64MHz, reasonable value for a Cortex-
M4. The increase of frequency further reduces the time execution, leading to a
total execution time of 3.123 s with the initialization step. Therefore, the algorithm
execution is one step closer to the real-time operation. However, increasing the
core frequency increases also the power usage, as it is directly proportional to the
frequency [81].

4.2 Performances

In this section, the final performances of the algorithm will be presented and
illustrated.

4.2.1 Memory requirement

The algorithm implemented includes several big arrays that contain a lot of data,
as seen in Fig. 4.2. The Table 4.2 summaries these arrays, the size of each one and
the memory it needs. It takes in consideration that the resolution has been decreased.
The 4th big array is the windowing function used to apply the FFT. It is a Hamming
window of size 1000.

Array Size Memory

Input data 1 x 1000 4 kB
Parameters triplets 3 x 165 000 1.98MB
Features vectores 14 x 165 000 9.24MB
Hamming window 1 x 1000 4 kB

Table 4.2: Size and memory requirement of the four main loaded arrays.

Therefore, the memory requirement is significant as these four arrays add up to
11.228MB. The program code, for its part, has a size of 19 kB with optimization
level set to reduce especially its size. Zero-initialization data that include the array
of errors take up 1.745MB.

4.2.2 Time execution

The final time execution and the principal time-consuming functions are shown
in Fig. 4.5. The decompress function presents therefore the largest execution time.
Without the initialization step, the time would be reduced to 1.092 s approaching
the timing goal.
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Fig. 4.5: Performance Analyzer for the implementation of the algorithm with following
modifications : 1000 samples filter, reduced grid resolution, Quickselect selection,
absolute value of difference as error.

4.3 Further optimizations

Further optimizations are required to further reduce the execution time, as well
as lower the memory requirements. Several ideas are described in this section.

4.3.1 Type and size of variables

First, the types of variables could be modified. Indeed, the algorithm uses a
very large amount of numerical data that all have decimal numbers. The MATLAB
code treats all these values as double (real floating-point number with double
precision [84]) but this is not optimal in terms of time and memory. Indeed, the
microcontrollers may not support floating-point numbers and need to manage
these numbers by doing a lot of additional operations. Even if the Cortex-M4 has
an FPU that optimizes the time spent to manage floating-point numbers, this
has a consequence on the execution time but also on the memory requirement for
program code. The variables should therefore be transferred to fixed-point type.
Part of this task has already been addressed during this master thesis, but could not
be completed (work in progress will be made available, along with the full code).

4.3.2 Transversal analysis

In this work, each parameter and function were analyzed in terms of time
execution and memory requirements separately. To have a global idea of all the
mutual dependences and interactions on the execution time and performances between
all those parameters, a transversal analysis could be made.
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4.3.3 Filters type

The filters in the C code have been implemented using FIR type filters of order
29. To decrease the complexity of the filters, IIR filters with an order of 2 or 3 would
be more appropriate.

4.3.4 Optimized FFT

In this master thesis, the FFT function has been fully reimplemented as the
FFT available in the DSP library of ARM is code size consuming. To increase
the resolution of the algorithm and the precision of the parameters generation, a
2048-size FFT would be better suited. In order to have an efficient, more precise
and smaller program, the 2048-size FFT could be computed through several FFT
from the ARM library of smaller sizes (512, or even 256), with a conquer and divide
method, as illustrated in Fig. 4.6.

Fig. 4.6: Illustration of a method to compute high size FFT with smaller ones [85].
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Conclusion

The seizure detection algorithm was successfully transferred from its original
MATLAB implementation to a C implementation compatible with a microcontroller
environment.

Based on this code, several aspects were optimized to limit the time and memory
usage, in particular :

• The sorting operation was performed with a Quickselect algorithm to reduce
its computational complexity ;

• The grid search resolution was decreased to improve the time execution and
the memory requirement ;

• The error calculation was simplified to reduce the execution time ;

• The size of FFT operation was reduced to decrease the computational com-
plexity, as well as the execution time.

The Keil µVision IDE allowed to simulate execution on a Cortex-M4 microcontroller,
with regard to the execution time, the memory requirement and the peripherals use.

After all these steps, the algorithm runs in 1.092 s, which is still too slow for a
real-time usage. Further optimizations should therefore be done. Conversion from
floating-point to fixed-point numbers, from FIR to IIR filters, further reduction
of FFT size and transversal analysis should be carried out in future works.

52



Bibliography

[1] (). “History of epilepsy,” Epilepsy Canada, (visited on 08/16/2020).

[2] J. Engel, “Epilepsy; overview,” in Encyclopedia of the Neurological Sciences,
Elsevier, 2014, pp. 130–135.

[3] S. K. Satapathy, S. Dehuri, A. K. Jagadev, and S. Mishra, “Chapter 1 -
introduction,” in EEG Brain Signal Classification for Epileptic Seizure Disorder
Detection, S. K. Satapathy, S. Dehuri, A. K. Jagadev, and S. Mishra, Eds.,
Academic Press, Jan. 1, 2019, pp. 1–25.

[4] R. D. Thijs, R. Surges, T. J. O’Brien, and J. W. Sander, “Epilepsy in adults,”
The Lancet, vol. 393, no. 10172, pp. 689–701, Feb. 2019.

[5] R. T.-I. A. August 05 and 2013. (). “Diagram of the human nervous system
(infographic),” livescience.com, (visited on 08/16/2020).

[6] (). “The nervous system,” Mr. McNabb, (visited on 08/16/2020).

[7] F. Crevecoeur, “LGBIO 2072: Mathematical models in neuroscience,” p. 94,

[8] (). “Temporal lobe epilepsy (TLE),” Epilepsy Foundation, (visited on 08/16/2020).

[9] CNRHR, LES éPILEPSIES en quelques mots et quelques chiffres, Dec. 2018.

[10] (). “Ligue francophone belge contre l’épilepsie ASBL,” (visited on 08/16/2020).

[11] (). “Résolution adoptée par la chambre le 23 mars 2017,” Ligue francophone
belge contre l’épilepsie ASBL, (visited on 08/16/2020).

[12] (Oct. 30, 2014). “Epilepsy: Causes, symptoms, treatment, and more,” Healthline,
(visited on 08/16/2020).

[13] (). “Epilepsy - symptoms and causes,” Mayo Clinic, (visited on 08/16/2020).

[14] T. Blauwblomme, P. Jiruska, and G. Huberfeld, “Mechanisms of ictogenesis,”
International Review of Neurobiology, vol. 114, pp. 155–185, 2014.

[15] T. N. Alotaiby, S. A. Alshebeili, T. Alshawi, I. Ahmad, and F. E. Abd El-
Samie, “EEG seizure detection and prediction algorithms: A survey,” EURASIP
Journal on Advances in Signal Processing, vol. 2014, no. 1, p. 183, Dec. 2014.

[16] E. K. S. Louis, L. C. Frey, J. W. Britton, L. C. Frey, J. L. Hopp, P. Korb,
M. Z. Koubeissi, W. E. Lievens, E. M. Pestana-Knight, and E. K. S. Louis.
(2016). “Figure 70. [myoclonic seizure in a patient...].” Publisher: American
Epilepsy Society, (visited on 08/16/2020).

[17] (). “Signal to noise in EEG - NMSBA,” buying-neuromarketing/neuromarketing-
techniques/signal-to-noise-in-eeg. Library Catalog: www.nmsba.com, (visited
on 08/01/2020).

53



[18] Y. Wang, J. Yan, J. Wen, T. Yu, and X. Li, “An intracranial electroencephalog-
raphy (iEEG) brain function mapping tool with an application to epilepsy
surgery evaluation,” Frontiers in Neuroinformatics, vol. 10, 2016, Publisher:
Frontiers.

[19] (). “iEEG,” NIH Director’s Blog, (visited on 08/16/2020).

[20] (). “Intracranial monitoring for epilepsy,” (visited on 08/16/2020).

[21] (). “Epilepsy - diagnosis and treatment - mayo clinic,” (visited on 08/16/2020).

[22] (). “Épilepsie - Épilepsie Section de Québec,” (visited on 08/16/2020).

[23] (). “Les traitements médicamenteux,” Ligue francophone belge contre l’épilepsie
ASBL, (visited on 08/16/2020).

[24] (Jul. 31, 2018). “Vagus nerve: Anatomy and function, diagram, stimulation,
conditions,” Healthline, (visited on 08/09/2020).

[25] Y. Song, “A review of developments of EEG-based automatic medical support
systems for epilepsy diagnosis and seizure detection,” Journal of Biomedical
Science and Engineering, vol. 04, no. 12, p. 788, Dec. 9, 2011, Number: 12
Publisher: Scientific Research Publishing.

[26] Y. Paul, “Various epileptic seizure detection techniques using biomedical signals:
A review,” Brain Informatics, vol. 5, no. 2, p. 6, Jul. 10, 2018.

[27] S. Nasehi and H. Pourghassem, “Seizure detection algorithms based on analysis
of EEG and ECG signals: A survey,” Neurophysiology, vol. 44, no. 2, pp. 174–
186, Jun. 2012.

[28] M. Shanir P.P., Y. Khan, and O. Farooq, “Time domain analysis of EEG for
automatic seizure detection,” Feb. 6, 2015.

[29] T. N. Alotaiby, S. A. Alshebeili, F. E. A. El-Samie, A. Alabdulrazak, and
E. Alkhnaian, “Channel selection and seizure detection using a statistical
approach,” in 2016 5th International Conference on Electronic Devices, Systems
and Applications (ICEDSA), ISSN: 2159-2055, Dec. 2016, pp. 1–4.

[30] T. Runarsson and S. Sigurdsson, “On-line detection of patient specific neonatal
seizures using support vector machines and half-wave attribute histograms,” in
International Conference on Computational Intelligence for Modelling, Control
and Automation and International Conference on Intelligent Agents, Web
Technologies and Internet Commerce (CIMCA-IAWTIC’06), vol. 2, Nov. 2005,
pp. 673–677.

[31] M. Mursalin, Y. Zhang, Y. Chen, and N. V. Chawla, “Automated epilep-
tic seizure detection using improved correlation-based feature selection with
random forest classifier,” Neurocomputing, vol. 241, pp. 204–214, Jun. 7, 2017.

[32] A. Baldominos and C. Ramón-Lozano, “Optimizing EEG energy-based seizure
detection using genetic algorithms,” in 2017 IEEE Congress on Evolutionary
Computation (CEC), Jun. 2017, pp. 2338–2345.

[33] J. Yoo, L. Yan, D. El-Damak, M. A. B. Altaf, A. H. Shoeb, and A. P. Chan-
drakasan, “An 8-channel scalable EEG acquisition SoC with patient-specific
seizure classification and recording processor,” IEEE Journal of Solid-State
Circuits, vol. 48, no. 1, pp. 214–228, Jan. 2013, Conference Name: IEEE Journal
of Solid-State Circuits.

54



[34] A. Dalton, S. Patel, A. R. Chowdhury, M. Welsh, T. Pang, S. Schachter,
G. ÓLaighin, and P. Bonato, “Development of a body sensor network to
detect motor patterns of epileptic seizures,” IEEE Transactions on Biomedical
Engineering, vol. 59, no. 11, pp. 3204–3211, Nov. 2012, Conference Name: IEEE
Transactions on Biomedical Engineering.

[35] M. A. D. Bhople. (2012). “Fast fourier transform based classification of epileptic
seizure using artificial neural network,” (visited on 08/12/2020).

[36] P. Rana, J. Lipor, H. Lee, W. van Drongelen, M. H. Kohrman, and B. Van Veen,
“Seizure detection using the phase-slope index and multichannel ECoG,” IEEE
transactions on bio-medical engineering, vol. 59, no. 4, pp. 1125–1134, Apr.
2012.

[37] H. Khamis, A. Mohamed, and S. Simpson, “Frequency–moment signatures: A
method for automated seizure detection from scalp EEG,” Clinical Neurophys-
iology, vol. 124, no. 12, pp. 2317–2327, Dec. 1, 2013.

[38] U. R. Acharya, F. Molinari, S. V. Sree, S. Chattopadhyay, K.-H. Ng, and
J. S. Suri, “Automated diagnosis of epileptic EEG using entropies,” Biomedical
Signal Processing and Control, vol. 7, no. 4, pp. 401–408, Jul. 1, 2012.

[39] H. Polat and M. S. Ozerdem, “Epileptic seizure detection from EEG signals by
using wavelet and hilbert transform,” in 2016 XII International Conference on
Perspective Technologies and Methods in MEMS Design (MEMSTECH), Apr.
2016, pp. 66–69.

[40] Z. Zainuddin, L. K. Huong, and O. Pauline, “On the use of wavelet neural
networks in the task of epileptic seizure detection from electroencephalography
signals,” Procedia Computer Science, Proceedings of the 3rd International
Conference on Computational Systems-Biology and Bioinformatics, vol. 11,
pp. 149–159, Jan. 1, 2012.

[41] M. Niknazar, S. R. Mousavi, B. Vosoughi Vahdat, and M. Sayyah, “A new
framework based on recurrence quantification analysis for epileptic seizure
detection,” IEEE Journal of Biomedical and Health Informatics, vol. 17, no. 3,
pp. 572–578, May 2013, Conference Name: IEEE Journal of Biomedical and
Health Informatics.

[42] W. Zhou, Y. Liu, Q. Yuan, and X. Li, “Epileptic seizure detection using
lacunarity and bayesian linear discriminant analysis in intracranial EEG,”
IEEE transactions on bio-medical engineering, vol. 60, no. 12, pp. 3375–3381,
Dec. 2013.

[43] G. Chen, W. Xie, T. D. Bui, and A. Krzyżak, “Automatic epileptic seizure
detection in EEG using nonsubsampled wavelet–fourier features,” Journal of
Medical and Biological Engineering, vol. 37, no. 1, pp. 123–131, Feb. 1, 2017.

[44] Y. Liu, W. Zhou, Q. Yuan, and S. Chen, “Automatic seizure detection using
wavelet transform and SVM in long-term intracranial EEG,” IEEE transactions
on neural systems and rehabilitation engineering : a publication of the IEEE
Engineering in Medicine and Biology Society, vol. 20, Jul. 31, 2012.

55



[45] R. Abbasi and M. Esmaeilpour, “Selecting statistical characteristics of brain
signals to detect epileptic seizures using discrete wavelet transform and per-
ceptron neural network,” International Journal of Interactive Multimedia and
Artificial Inteligence, vol. 4, pp. 33–38, Jan. 1, 2017.

[46] R. Panda, P. S. Khobragade, P. D. Jambhule, S. N. Jengthe, P. Pal, and T. K.
Gandhi, “Classification of EEG signal using wavelet transform and support
vector machine for epileptic seizure diction,” in 2010 International Conference
on Systems in Medicine and Biology, Dec. 2010, pp. 405–408.

[47] Y. U. Khan, N. Rafiuddin, and O. Farooq, “Automated seizure detection in scalp
EEG using multiple wavelet scales,” in 2012 IEEE International Conference
on Signal Processing, Computing and Control, Mar. 2012, pp. 1–5.

[48] M. Shoaib, K. H. Lee, N. K. Jha, and N. Verma, “A 0.6–107 µw energy-scalable
processor for directly analyzing compressively-sensed EEG,” IEEE Transactions
on Circuits and Systems I: Regular Papers, vol. 61, no. 4, pp. 1105–1118, Apr.
2014, Conference Name: IEEE Transactions on Circuits and Systems I: Regular
Papers.

[49] A. K. Tafreshi, A. M. Nasrabadi, and A. H. Omidvarnia, “Epileptic seizure
detection using empirical mode decomposition,” in 2008 IEEE International
Symposium on Signal Processing and Information Technology, ISSN: 2162-7843,
Dec. 2008, pp. 238–242.

[50] L. Orosco, E. Laciar, A. Garces, A. Torres, and J. Graffigna, “An epileptic
seizures detection algorithm based on the empirical mode decomposition of
EEG,” Conference proceedings : ... Annual International Conference of the
IEEE Engineering in Medicine and Biology Society. IEEE Engineering in
Medicine and Biology Society. Conference, vol. 2009, pp. 2651–4, Sep. 1, 2009.

[51] C. Guarnizo and E. Delgado, “EEG single-channel seizure recognition using
empirical mode decomposition and normalized mutual information,” in IEEE
10th INTERNATIONAL CONFERENCE ON SIGNAL PROCESSING PRO-
CEEDINGS, ISSN: 2164-523X, Oct. 2010, pp. 1–4.

[52] S. Belhadj, A. Attia, A. B. Adnane, Z. Ahmed-Foitih, and A. A. Taleb, “Whole
brain epileptic seizure detection using unsupervised classification,” in 2016 8th
International Conference on Modelling, Identification and Control (ICMIC),
Nov. 2016, pp. 977–982.

[53] (). “EEG signal classification into seizure and non-seizure class using empirical
mode decomposition and artificial neural network | request PDF,” ResearchGate,
(visited on 08/12/2020).

[54] S. M. S. Alam and M. I. H. Bhuiyan, “Detection of epileptic seizures using
chaotic and statistical features in the EMD domain,” in 2011 Annual IEEE
India Conference, ISSN: 2325-9418, Dec. 2011, pp. 1–4.

[55] V. Bajaj and R. B. Pachori, “Epileptic seizure detection based on the instanta-
neous area of analytic intrinsic mode functions of EEG signals,” Biomedical
Engineering Letters, vol. 3, no. 1, pp. 17–21, Mar. 1, 2013.

56



[56] K. Samiee, P. Kovács, and M. Gabbouj, “Epileptic seizure classification of
EEG time-series using rational discrete short-time fourier transform,” IEEE
Transactions on Biomedical Engineering, vol. 62, no. 2, pp. 541–552, Feb. 2015,
Conference Name: IEEE Transactions on Biomedical Engineering.

[57] ——, “Epileptic seizure detection in long-term EEG records using sparse
rational decomposition and local gabor binary patterns feature extraction,”
Knowledge-Based Systems, vol. 118, pp. 228–240, Feb. 15, 2017.

[58] M. Hügle, S. Heller, M. Watter, M. Blum, F. Manzouri, M. Dumpelmann, A.
Schulze-Bonhage, P. Woias, and J. Boedecker, “Early seizure detection with an
energy-efficient convolutional neural network on an implantable microcontroller,”
in 2018 International Joint Conference on Neural Networks (IJCNN), ISSN:
2161-4407, Jul. 2018, pp. 1–7.

[59] E. Bruno, P. F. Viana, M. R. Sperling, and M. P. Richardson, “Seizure de-
tection at home: Do devices on the market match the needs of people liv-
ing with epilepsy and their caregivers?” Epilepsia, vol. n/a, n/a, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/epi.16521.

[60] M. J. Cook, T. J. O’Brien, S. F. Berkovic, M. Murphy, A. Morokoff, G. Fabinyi,
W. D’Souza, R. Yerra, J. Archer, L. Litewka, S. Hosking, P. Lightfoot, V.
Ruedebusch, W. D. Sheffield, D. Snyder, K. Leyde, and D. Himes, “Prediction
of seizure likelihood with a long-term, implanted seizure advisory system
in patients with drug-resistant epilepsy: A first-in-man study,” The Lancet
Neurology, vol. 12, no. 6, pp. 563–571, Jun. 1, 2013.

[61] M. T. Salam, D. K. Nguyen, and M. Sawan, “A low-power implantable device for
epileptic seizure detection and neurostimulation,” in 2010 Biomedical Circuits
and Systems Conference (BioCAS), ISSN: 2163-4025, Nov. 2010, pp. 154–157.

[62] (). “LivaNova VNS therapy | epilepsy arizona,” (visited on 08/11/2020).
[63] (). “Neuropace,” NeuroPace, Inc, (visited on 08/11/2020).
[64] X. Fan, N. Gaspard, B. Legros, F. Lucchetti, R. Ercek, and A. Nonclercq,

“Dynamics underlying interictal to ictal transition in temporal lobe epilepsy:
Insights from a neural mass model,” European Journal of Neuroscience, vol. 47,
no. 3, pp. 258–268, 2018.

[65] D. E. Naylor, “Glutamate and GABA in the balance: Convergent pathways
sustain seizures during status epilepticus,” Epilepsia, vol. 51, pp. 106–109, s3
2010.

[66] F. Wendling, F. Bartolomei, J. J. Bellanger, and P. Chauvel, “Epileptic fast ac-
tivity can be explained by a model of impaired GABAergic dendritic inhibition,”
European Journal of Neuroscience, vol. 15, no. 9, pp. 1499–1508, 2002, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1046/j.1460-9568.2002.01985.x.

[67] J. M. Bekkers, “Pyramidal neurons,” Current Biology, vol. 21, no. 24, R975,
Dec. 2011.

[68] Y. Luo, R. H. Hargraves, A. Belle, O. Bai, X. Qi, K. R. Ward, M. P. Pfaffen-
berger, and K. Najarian. (May 20, 2013). “A hierarchical method for removal
of baseline drift from biomedical signals: Application in ECG analysis,” The
Scientific World Journal. ISSN: 2356-6140 Library Catalog: www.hindawi.com
Pages: e896056 Publisher: Hindawi Volume: 2013, (visited on 07/31/2020).

57



[69] T. Fathima, M. Bedeeuzzaman, O. Farooq, and Y. Khan, “Wavelet based
features for epileptic seizure detection,” MES Journal of Technology and Man-
agement, vol. 2(1), Jan. 1, 2011.

[70] (). “Cours : LELEC2900 - signal processing,” (visited on 07/31/2020).

[71] M. Kleinnijenhuis, “Filtering in BioExplorer,” p. 7,

[72] (). “Butterworth filter design - MATLAB butter - MathWorks benelux,” (visited
on 07/31/2020).

[73] U. F. O. Themes. (Mar. 12, 2017). “Filters in the electroencephalogram,” Neupsy
Key. Library Catalog: neupsykey.com, (visited on 08/01/2020).

[74] (). “EEG,” (visited on 08/01/2020).

[75] Divide-and-conquer algorithm, inWikipedia, Page Version ID: 960915984, Jun. 5,
2020.

[76] Quicksort, in Wikipedia, Page Version ID: 970829397, Aug. 2, 2020.

[77] K. Mysiak. (Jul. 16, 2020). “Explaining DBSCAN clustering,” Medium. Library
Catalog: towardsdatascience.com, (visited on 08/03/2020).

[78] X. Fan, N. Gaspard, B. Legros, F. Lucchetti, R. Ercek, and A. Nonclercq,
“Automated epileptic seizure detection based on break of excitation/inhibition
balance,” Computers in Biology and Medicine, vol. 107, pp. 30–38, Apr. 1,
2019.

[79] (Jun. 17, 2014). “Embedded c tutorial : A beginner’s guide,” Udemy Blog,
(visited on 08/13/2020).

[80] A. Ltd. (). “Cortex-m,” Arm Developer, (visited on 08/15/2020).

[81] ——, (). “Cortex-m4,” Arm Developer, (visited on 08/15/2020).

[82] Quickselect, in Wikipédia, Page Version ID: 170722174, May 11, 2020.

[83] (). “Simulation,” (visited on 08/15/2020).

[84] C data types, in Wikipedia, Page Version ID: 971123398, Aug. 4, 2020.

[85] (). “Cours : LELEC2900 - signal processing,” (visited on 08/16/2020).

58



UNIVERSITÉ CATHOLIQUE DE LOUVAIN 
École polytechnique de Louvain
Rue Archimède, 1 bte L6.11.01, 1348 Louvain-la-Neuve, Belgique | www.uclouvain.be/epl


	Abstract
	Acknowledgements
	List of Abbreviations
	List of Figures
	List of Tables
	Introduction
	Epilepsy : fundamentals
	Nervous system
	Structure
	Neuronal functioning

	Epilepsy and electroencephalogram
	Epilepsy : definition
	Epileptic seizures : symptoms
	Mechanism of ictogenesis and EEG

	Existing treatments
	Medication
	Surgery
	Ketogenic regime


	State of the art : EEG and iEEG-based seizure detection
	Seizure detection algorithms
	Time domain based algorithms
	Frequency domain based algorithms
	Wavelet domain based algorithms
	EMD and Hilbert transform domain based algorithms
	Rational domain based algorithms

	Existing devices for seizure detection
	Interpretability of the seizure detection

	Parameters identification algorithm
	Neural mass model
	Model context and description
	Synthesized EEG signals and parameter space

	Pre-processing
	High-pass filter
	Low-pass filter
	Notch filter

	Features extraction
	Spectral features
	Temporal features

	Best parameters' triplets selection
	Error calculation
	Sort of errors and triplets selection

	Clustering and parameters averaging
	DBSCAN clustering
	Averaging parameters

	Temporal analysis of ratios
	Results and validation
	Performances

	Ultra-low-power implementation
	Choices of implementation
	Sorting operation
	FFT operation
	Grid search resolution
	Error calculation
	Cortex-M4 frequency increase

	Performances
	Memory requirement
	Time execution

	Further optimizations
	Type and size of variables
	Transversal analysis
	Filters type
	Optimized FFT


	Conclusion

	1.Plus: 
	1.Reset: 
	1.Minus: 
	1.EndRight: 
	1.StepRight: 
	1.PlayPauseRight: 
	1.PlayRight: 
	1.PauseRight: 
	1.PlayPauseLeft: 
	1.PlayLeft: 
	1.PauseLeft: 
	1.StepLeft: 
	1.EndLeft: 
	anm1: 
	1.25: 
	1.24: 
	1.23: 
	1.22: 
	1.21: 
	1.20: 
	1.19: 
	1.18: 
	1.17: 
	1.16: 
	1.15: 
	1.14: 
	1.13: 
	1.12: 
	1.11: 
	1.10: 
	1.9: 
	1.8: 
	1.7: 
	1.6: 
	1.5: 
	1.4: 
	1.3: 
	1.2: 
	1.1: 
	1.0: 
	0.Plus: 
	0.Reset: 
	0.Minus: 
	0.EndRight: 
	0.StepRight: 
	0.PlayPauseRight: 
	0.PlayRight: 
	0.PauseRight: 
	0.PlayPauseLeft: 
	0.PlayLeft: 
	0.PauseLeft: 
	0.StepLeft: 
	0.EndLeft: 
	anm0: 
	0.69: 
	0.68: 
	0.67: 
	0.66: 
	0.65: 
	0.64: 
	0.63: 
	0.62: 
	0.61: 
	0.60: 
	0.59: 
	0.58: 
	0.57: 
	0.56: 
	0.55: 
	0.54: 
	0.53: 
	0.52: 
	0.51: 
	0.50: 
	0.49: 
	0.48: 
	0.47: 
	0.46: 
	0.45: 
	0.44: 
	0.43: 
	0.42: 
	0.41: 
	0.40: 
	0.39: 
	0.38: 
	0.37: 
	0.36: 
	0.35: 
	0.34: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


