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Abstract 

The brain requires a continuous supply of oxygen and even a short period of 
reduced oxygen supply risks severe and lifelong consequences for the 
affected individual. The delivery is a vulnerable period for a baby who may 
experience for example hypoxia (lack of oxygen) that can damage the brain. 
Babies who experience problems are placed in an intensive care unit where 
their vital signs are monitored, but there is no reliable way to monitor the 
brain directly. Monitoring the brain would provide valuable information 
about the processes going on in it and could influence the treatment and help 
to improve the quality of neonatal care. The scope of this project is to 
develop methods that eventually can be put together to form a monitoring 
system for the brain that can function as decision-support for the physician in 
charge of treating the patient.  
The specific technical problem that is the topic of this thesis is detection of 
burst and suppression in the electroencephalogram (EEG) signal. The thesis 
starts with a brief description of the brain, with a focus on where the EEG 
originates, what types of activity can be found in this signal and what they 
mean. The data that have been available for the project are described, 
followed by the signal processing methods that have been used for pre-
processing, and the feature functions that can be used for extracting certain 
types of characteristics from the data are defined. The next section describes 
classification methodology and how it can be used for making decisions 
based on combinations of several features extracted from a signal. The 
classification methods Fisher’s Linear Discriminant, Neural Networks and 
Support Vector Machines are described and are finally compared with respect 
to their ability to discriminate between burst and suppression. An experiment 
with different combinations of features in the classification has also been 
carried out. The results show similar results for the three methods but it can 
be seen that the SVM is the best method with respect to handling multiple 
features. 
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Chapter 1 
 
Introduction 

The brain requires a continuous supply of oxygen and nutrients, and even a 
short period without it can cause lifelong effects. During delivery there is 
always a risk of insufficient circulation or blood gas exchange to the baby, 
something that may lead to asphyxia. This condition includes lack of oxygen, 
excess of carbon dioxide and a lowered pH value which can lead to 
permanent brain damage. Babies at risk are kept under close watch during 
delivery and afterwards at a neonatal intensive care unit (NICU), but it is 
hard to determine if the babies are recovering and if any brain damage has 
occurred. Parameters such as the pulse, blood pressure and oxygenation 
saturation are monitored regularly, but they are only measures of general 
conditions. If the function of the brain itself is to be monitored, the most 
direct way is to measure the electrical signals produced by the brain, the 
electroencephalogram (EEG). 
The EEG is a voltage signal that is usually measured using metal electrodes 
placed on the scalp. It originates from electrical activity of the neuronal cells 
in the brain, and for the clinical neurophysiologist the EEG signal contains 
information about the health status of a patient’s brain. Earlier studies have 
investigated how certain parameters calculated from the EEG signal can be 
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used for detecting hypoxia (lack of oxygen) in the brain, and even predicting 
the outcome after an hypoxic event [1].   
In practice, most EEG recordings are evaluated through visual inspection of 
the unprocessed signal by a clinical neurophysiologist. Obviously, this 
methodology only allows for intermittent evaluations, and is not suitable for 
continuous bedside monitoring. Moreover, the expertise needed for this type 
of evaluation is typically not available at the NICU, and the patient can not be 
transferred to a neurophysiologist for diagnosis. Even though methods for 
remote consultations have been developed [2], this methodology only allows 
for evaluation at distinct time instances and is not suitable for continuous 
bedside monitoring.  
One attempt to simplify long-time monitoring of brain function that can be 
used for bedside monitoring is the amplitude-integrated EEG (aEEG). This 
method displays a filtered version of a two-channel EEG on a compressed 
time scale, and it provides the clinician with a simple way to monitor the 
brain activity of a patient. The compressed time scale gives a convenient view 
of several hours of recorded brain activity. However, this method has some 
severe limitations. For instance, interference and artifacts have in some cases 
been demonstrated to be hidden in the compressed signal and mistaken for 
brain activity, and there are also examples of missed seizure activity [3]. 
Because of these limitations, neurophysiologists argue that the unprocessed 
EEG signal has to be taken into consideration when interpreting the aEEG. 
This means that the staff at the NICU need to be able to interpret the signal at 
least to the level that they recognize artifacts and can distinguish between 
these and important brain activity. The staff has a lot of things to keep in 
mind, and adding complexity to their work would probably be problematic. 
To enable an improved continuous cerebral monitoring, we aim at developing 
methods for automatic classification and quantification of different types of 
activity in neonatal EEG. The input of the system should be a number of EEG 
channels and possibly additional parameters such as blood pressure and 
electrocardiogram (ECG) that are normally measured during these 
circumstances. The methods should be of a kind that can be implemented in a 
compact form suitable for use in a NICU environment, with easily interpreted 
parameters and alarms for threatening conditions of the brain. These 
parameters could serve as decision support for the clinician selecting the 
proper treatment or adjusting medication.  
A functioning system of this kind of will enable higher-quality care for high-
risk neonates by providing clinicians with the possibility to continuously 
monitor the function of the brain itself, and not just the underlying support 
functions. Continuous monitoring will make it possible to follow the 
development of the status of the child over time, and enables the clinician to 
modify treatments and to follow the results in a real-time fashion, instead of 
having to rely on intermittent evaluations made by neurophysiologists.  
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A system like this could schematically consist of the following parts: 

• EEG amplification 

• Digitizing and storage 

• Filtering of the EEG to reduce disturbances from surrounding devices 

• Artifact rejection that marks epochs of questionable quality and 
excludes them from further processing 

• Activity classification algorithms that divide the data into different 
categories, pathological (indicative of disease) or normal. Both 
pathological and normal EEGs in neonates can be periodic or 
continuous, periodic in this context meaning alternating between two 
different types of activity. 

• Segment classification that quantifies the proportions of different types 
of activity in periodic EEG 

• Presentation of easily interpreted information to the attending staff 
 
The experimental work in this thesis addresses the problem of classifying 
epochs of pathological periodic EEG into different classes. The specific 
problem considered is burst-suppression EEG, where suppression is 
characterized by low brain activity resulting in low signal amplitudes, while 
bursts are periods of higher activity and higher amplitudes. Burst-suppression 
indicates severe pathology in a newborn baby and the ratio between the 
length of burst and length of suppression activity provides a measure of the 
status of the brain. Following trends over time in this ratio gives an indication 
of whether a baby is recovering or not. 
The methods and results presented here have been partly presented earlier in 
[4-6]. The methods include three different classification algorithms, the 
feature functions that are used as inputs to the classifiers, and the pre-
processing that has been used. Results are presented for a data set containing 
EEG data from six full-term babies that exhibit burst-suppression caused by 
asphyxia during birth.  
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Chapter 2 
 
The Brain and the EEG 

The methods proposed in this thesis are all based on applying signal 
processing techniques and classification algorithms to the EEG signal, a 
voltage signal that can be measured from metal electrodes placed on the 
scalp. This chapter aims at describing where this signal comes from, and how 
it can be used as a measure of the status of the brain. 
The chapter starts with a section dealing with the neuron, or nerve cell. This 
is the smallest unit that the wiring and logical system of the brain and the 
entire nervous system are constructed from. Then the anatomy of the brain is 
briefly described at a larger level, focusing on the cerebral cortex that is the 
main source of the EEG. Finally the electroencephalogram is described, 
along with a few types of activity that can be found in it.  
Most of the information in this chapter is based on [7]. 

2.1 Neurons 
The neuron is the smallest functional unit in the brain and makes up 50% of 
the volume of the central nervous system (CNS). The rest of the volume 
consists of cells that support the neurons in various ways. A neuron has a 
very simple computational capability in itself, but by working together in vast 
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neural networks they together form the complex system that is the human 
brain.  

 
Figure 1: A neuron, with axon, dendrites and the cell body (soma). 

The neuron generally has several different incoming connections, called 
dendrites, and one outgoing connection, called an axon (Figure 1). The axon 
of a neuron usually connects to dendrites of other neurons through synapses. 
A neuron works by summing the inputs from all dendrites before initiating an 
impulse along the axon, towards other neurons. The axons (in the peripheral 
nervous system) can be more than a meter in length, and are often bundled 
into nerves. 
 

 
Figure 2: Schematic representation of a synapse, showing the circulation of synaptic vesicles 
controlled by calcium channels in the pre-synaptic axon terminal. The neurotransmitter 
molecules are released into the synaptic cleft where they diffuse over to the post-synaptic cell, 
where a fraction of them bind to receptors in the cellular membrane. The receptors trigger in- 
or out-flux of ions and, when the concentration in the post-synaptic neuron reaches a certain 
threshold, a post-synaptic action potential is triggered. Afterwards, the neurotransmitters are 
released and recycled at the axon terminal. 

Information flows through neurons as ion currents. These propagate along the 
axon and dendrites through a chain reaction involving ion pumps located in 
the cellular walls, forming an action potential. When an action potential 
reaches a synapse (Figure 2), it triggers a number of synaptic vesicles to 
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release its content of chemical neurotransmitters into the synaptic cleft (the 
space between the pre-synaptic and the post-synaptic cell). The 
neurotransmitter molecules then attach to receptors located in the cellular 
membrane on the receiving neuron on the other side of the synapse, triggering 
an inrush of ions that may start a new action potential. 
However, not all action potentials that reach a synapse may trigger a new 
action potential in the receiving dendrite. The receiving neuron has thousands 
(or hundreds of thousands) of synapses. These synapses can be either 
excitatory, meaning that each synaptic activation increases the probability of 
the initiation of a post-synaptic action potential, or inhibitory, meaning that 
the synaptic activation decreases the probability of triggering an action 
potential. This increased or decreased probability of activation is transient; 
after a while the receptors release their neurotransmitters and the 
neurotransmitter molecules are removed from the synaptic cleft in preparation 
for receiving the next impulse. The neuron exhibits both temporal and spatial 
summation. Temporal summation means that many impulses after each other 
are summed and can together trigger an action potential. Spatial summation 
means that if many synapses are activated simultaneously their sum can 
trigger an action potential.  
The spatial summation corresponds to summing a number of weighted inputs 
and using a threshold to decide if a binary output signal should be sent. The 
strength of a synaptic coupling can be enhanced by repeated activation, 
something that is believed to be the basis of learning. These characteristics 
are mimicked in the artificial neural network computational model described 
in section 5.2.  

2.2 Brain anatomy 
The central nervous system (CNS) consists of the neurons described above, 
and of cells that support them. Examples of supporting cells are 
oligodendrocytes which wrap nerve fibers in fatty sheets that isolate them 
from one another and increase the signal propagation speed, or astrocytes 
which help to regulate the composition of the extracellular fluid by for 
example removing excessive neurotransmitter molecules that have leaked 
from the synapses.  
The CNS can be divided into the brain and the spinal cord. The spinal cord is 
the information highway which conducts sensory inputs from the body to the 
brain, and which conducts commands from the brain to mainly the muscles 
throughout the body. The spinal cord does not contribute to the EEG and is 
therefore outside the scope of this text.  
The brain can further be broken down into the cerebrum, the cerebellum and 
the brain stem. The brain controls the body through electrical impulses 
running along nerves from the brain via the spinal cord or the cranial nerves 
to different locations throughout the body, or through chemical messengers 
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(hormones) that are created by various glands and spread to the body via the 
circulatory system.  

 
Figure 3: The brain, with the cerebrum, cerebellum and brain stem. 

2.2.1 The cerebrum and the cerebral cortex 
The largest part of the brain is called the cerebrum and it has a layered 
structure. The outer layer, the cerebral cortex, is about 1.5-4.0 mm thick and 
consists of nerve cells, which are brownish gray in color and therefore called 
gray matter. The cortex is convoluted, which gives it a large area, and is itself 
a layered structure with six layers, numbered 1-6 from the surface inward. 
The part of the cerebrum under the cortex is called white matter. It consists 
mainly of axons wrapped in myelin, a fatty substance that isolates the axons 
from each other and increases the signaling speed.  
The cerebral cortex is involved in most high-level functions such as 
perception, the generation of voluntary movements, reasoning, learning and 
memory. Different parts of the cortex are mapped to different functions. It 
can for example be shown that different touch sensors throughout the body 
are mapped to different parts of the cortex. Other parts of the cortex receive 
signals from the eyes, or the ears, or are responsible for planning movements. 
Various cortical areas are highly interconnected and higher functions like 
relating a visual impression to a remembered name, and then pronouncing the 
name involve many parts of the cerebral cortex. 

2.2.2 The cerebellum 
The cerebellum is an important center for coordinating movements, ordered 
for example by conscious planning made in the cerebrum, or regulating 
unconscious movements such as controlling posture and balance. The 
cerebellum receives information from various parts of the body, such as 
muscles, skin, eyes and the parts of the brain that are involved in control of 
movements. 
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2.2.3 The brain stem 
The brain stem consists of the pons and the medulla oblongata. The brain 
stem contains all nerve fibers passing between the spinal cord, the cerebrum 
and the cerebellum, and most of the neuronal bodies of the cranial nerves. It 
also contains centers for vital functions such as respiration and circulation. 

2.3 The Electroencephalogram 
The word ‘electroencephalogram’ (EEG) originally denoted the graphs 
showing the signals obtained by registering potential differences between 
electrodes placed on the scalp. Over the years, however, the term EEG has 
been used when referring to the signal itself, the technique to register the 
signal, or the printed graph. In this thesis EEG is used to denote the signal, 
unless otherwise stated. 
The potential differences between the electrodes are generally believed to be 
caused by postsynaptic potentials in the dendrites of a large number of 
synchronously active pyramidal cells in the cerebral cortex [8]. The 
pyramidal cells are large cells located in layers three and five of the cerebral 
cortex, but their dendrites stretch throughout several layers towards, and 
approximately orthogonal to, the cortical surface.   
The electrodes used when registering EEG can be either metal plates, 
attached to the skin with the help of a conductive paste, or needle electrodes, 
stitched through the skin. When using electrodes placed on the exposed 
surface of the cortex, the registered signal is called an electrocorticogram 
(ECoG). The signal levels are usually in the range of 20-100 μV when 
measured at the scalp, but can be a few millivolts when measured invasively 
at the surface of the cortex. 
The temporal resolution of the EEG is very good; changes in the activity of 
the brain can be detected instantly, but the spatial resolution is bad because 
signals from different sources are mixed through superposition.  

2.3.1 The 10-20 system 
The electrodes are often placed according to the international 10-20 system 
[9] which defines a number of electrode locations by dividing the head into 
10% and 20% intervals using the nasion and the inion as landmarks (Figure 
4), which defines 21 electrode positions. The first letter in the electrode name 
indicates which region it is placed over: F for frontal lobe, C for the central 
line dividing the head in a rear and front half, P for parietal lobe, O for 
occipital lobe, and T for temporal lobe. Numbers in the electrode name are 
odd for the left hemisphere and even for the right, and increase with increased 
distance from the midline. A Z refers to an electrode placed along the 
midline. 
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Figure 4: Landmarks and electrode locations of the 10-20 system 

2.3.2 Montages 
When measuring one voltage signal at least two electrodes are needed: an 
active electrode and a ground. However, in practice EEG signals are 
measured using differential amplifiers where the difference between two 
electrodes is amplified, and the ground electrode is separate. This is done 
because the EEG signals are very small, and interference from electrical 
appliances can cause large problems by making the potential of the patient 
vary in relation to the measuring equipment, and not involving the ground in 
the actual measurement decreases this problem. The ground electrode is still 
needed for connecting the amplifier ground to the patient ground; otherwise 
potential differences may arise that cause problems with common-mode 
interference. It is also needed because of the small bias currents that enters 
the amplifier through the sensing electrode inputs, and has to return to the 
patient.  
When measuring multiple channels, as the case usually is when measuring 
EEG, one of the two inputs from each of the differential amplifiers can be 
connected to a single reference electrode. All the channels then have the same 
reference when measured, but when viewing the signals the channels can be 
combined in different ways. The way the channels are combined when 
displayed is called the montage. Some common montages are listed below.  

• The bipolar montage displays the difference between pairs of usually 
adjacent electrodes. 

• The referential montage uses the designated reference electrode. The 
location of the referential electrode varies, but is usually placed 
somewhere along the midline of the head so that no emphasis is placed 
on any one of the hemispheres. Another alternative is “linked ears”, 
where electrodes on the ears are connected to each other and used as 
reference. 

• The common average reference (CAR) montage uses the average of all 
channels as reference. 



The Brain and the EEG  

11 

In this work the common average reference montage has been used. An 
advantage of this montage is that interference occurring at all channels is 
cancelled by the subtraction of the average. Another advantage is that each 
displayed channel shows the local activity compared to the total activity of 
the brain, thus improving the spatial localization of the activity.  

2.4 Types of EEG activity 
The EEG activity can be divided into different groups, of which some can be 
labeled normal and some are considered abnormal, or pathological (indicative 
of disease).  
However, normal is a very broad statement in the case of EEG. The signal 
picked up by EEG electrodes can have many different characteristics and still 
be labeled as normal, depending on for example sleeps-stage or age. Some 
frequency-based categories of EEG are described in Table 1. These 
designations originally arose because rhythmic activity within certain 
frequency bands was found to have biological significance, or associated with 
certain regions of the scalp.  
Most of the cerebral activity is traditionally thought to be found in the range 
1-20 Hz, but recent research suggests that important information can be found 
in the extremely low frequencies that most EEG amplifiers filter away [10]. 

Name 
Frequency 
limits Location Properties 

δ (delta) 0.5 – 3.5 Hz Widespread Occur in infants and during 
deep sleep or anesthesia.  

θ (theta) 3.5 – 7.5 Hz Mainly in parietal and 
temporal lobes 

Most prominent in small 
children and during 
drowsiness or sleep.  

α (alpha) 7.5 – 13 Hz Back half of the head Occur during awake and 
resting state, high amplitude 
when eyes closed. Mostly 
sinusoidal shape. 

β (beta) above 13 Hz Most common in 
frontal and central 
regions 

Often divided in two sub-
bands, of which the higher 
frequencies appear during 
tension and intense activation 
of the CNS and the lower are 
attenuated during mental 
activity. 

Table 1: Properties of some common EEG rhythms. The first four frequency bands are not 
overlapping and cover the whole EEG spectrum, even though the higher frequencies of the β 
band are today usually named γ rhythms.  
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The above-mentioned types of activity are “continuous” in the sense that they 
describe more or less rhythmic activity that goes on for some time, until they 
are changed by some change in mental state or sleep-stage. The types listed 
below are periodic, in the sense that one kind of activity is interrupted by 
sudden outbursts of other kinds of activity. 

• Seizures are abnormal synchronization of groups of neurons that may 
or may not give rise to clinical symptoms (symptoms that are easily 
noticed in the clinic). The type of symptoms depends on which part of 
the brain is affected. If it is a motor area of the brain, then the result 
can be wild and uncontrollable motion of the body. On the other hand, 
if it is a sensory area in the brain that is affected, the result may be that 
the person experiences e.g. visual flashing or unpleasant odors. There 
may also be sub-clinical seizures that do not cause any detectable 
symptoms, but are present in the EEG. Some newborn children have 
seizures, the majority of which are sub-clinical. Even sub-clinical 
seizures may be harmful to the brain, implying that there is a need to 
detect and classify this type of activity so that children having seizures 
which are not apparent can be given the appropriate treatment. 

• Burst-suppression (BS) is one of several indicators of severe pathology 
in the electroencephalogram (EEG) signal that may occur after brain 
damage, caused by e.g. asphyxia (insufficient oxygen and nutrient 
supply) around the time of birth [11, 12]. Certain characteristics of this 
pattern can provide clinicians with important information about the 
prognosis of the patient, and are thus important in the adjustment of the 
treatment. Examples of important characteristics of the BS pattern are 
the length of the burst and suppression intervals, the percentage of 
suppression activity in a recording, and the spectral contents of the 
bursts [10, 13, 14]. 

• Tracé alternant is a pattern with alternating active and less active 
periods that is seen in healthy full-term children during quiet sleep. 

2.5 Current analysis methods 
EEG is usually interpreted by visual inspection of the unprocessed or filtered 
signal by a clinical neurophysiologist [15], meaning that a thorough EEG 
examination is difficult to obtain at bedside. The neurophysiologist usually 
inspects the signal at the computer screen, looking at ten seconds of the 
signal at a time, and examines the shape of the signal using his knowledge 
and experience to classify the activity into different classes.  
Continuous monitoring can be done using amplitude integrated EEG (aEEG, 
a particular implementation is CFM, cerebral function monitoring [16]). This 
method uses a special filter on the difference of two EEG channels and 
displays the result on a compressed time display. This produces an easily 
interpreted indication of the brain activity and gives an overview of a long 
time period. However, the method has the drawbacks that artifacts can easily 
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be mistaken for brain activity because of the compression of the time scale. 
Moreover, underestimation of pathology may also occur as with seizure 
activity that may be localized, of low amplitude or short duration [3]. 
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Chapter 3 
 
Available data 

The experimental work in this thesis has treated the problem of automatic 
classification of burst and suppression in burst-suppression (BS) EEG signals 
recorded from newborn babies. The data that have been used consist of EEG 
recordings from six full-term newborn infants having suffered from perinatal 
asphyxia (lack of oxygen around the time of birth). A common average 
reference montage with eight electrodes was used, placed according to the 
international 10-20 system at positions F7, F3, T5, P3, F8, F4, P4 and T6 (see 
section 2.3 for definition of montages and electrode positions). The data were 
digitized at a sampling rate of 200 Hz.  
Each subject contributed with a continuous recording of 6-40 minutes, 
selected and manually classified by an experienced electroencephalographer. 
The length was chosen to include at least 10 bursts, and all artifacts were 
manually identified and marked for later removal from the analysis. 
The reference classifications were manually recorded as a list of times with a 
resolution of one second. When the start or end of a burst did not coincide 
with even seconds, the time entry was rounded off so that the entire burst was 
included. This meant that in some cases up to nearly two seconds of 
suppression activity were included with the burst. 
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Suppression periods contain very little activity, while the bursts are short 
periods of higher activity. Figure 5 shows an example of a few very 
pronounced bursts (shaded in gray) in a longer suppression segment. As can 
be seen in the figure, the bursts do have higher amplitude than the 
suppressions, but the whole burst would not be detected by a simple 
amplitude threshold. Figure 6 shows an example taken from another patient. 
In this case some of the bursts are more difficult to make out because of a 
higher background activity and because all bursts are not present in all 
channels. The displayed signal also contains two artifacts, shaded in pink. 
Artifacts are activity in the signal that does not come from the brain and can 
originate from e.g. movements of the electrodes. 

 
Figure 5: 2.5 minutes of BS EEG from patient 3 in a CAR montage. This is an example of very 
pronounced burst-suppression activity. The shaded intervals are bursts marked by a human 
expert. The signal has been band-pass filtered and 50 Hz-interference has been suppressed.  

 
Figure 6: 2.5 minutes of BS EEG from patient 4 in a CAR montage. This is an example of BS 
activity where the difference between burst and suppression is smaller than in Figure 5. This 
recording also contains two artifacts, marked by pink shading. 

Table 2 shows some characteristics for the signals from the different patients, 
and illustrates that while the signals all have a burst-suppression EEG, the 
characteristics vary significantly. For example, patient 5 has a much longer 
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median suppression length than the other four, and patient 6 has higher burst-
suppression ratio and higher mean power in the suppression parts than the 
others.  
 
Table 2: Characteristics of the raw EEG signals 

Pat. BSR TL (s) MBL (s) MSL (s) MBP (μV2) MSP (μV2) 

1 13 775 5 32 72 9 
2 6 483 1 25 110 7 
3 27 265 4 13 162 14 
4 30 307 3.5 13 61 10 
5 1 2299 3 127 28 4 
6 75 329 7 2 94 23 

BSR: Burst Suppression Ratio, the percentage of burst in the record. 
TL: Total signal length, after removal of artifacts 
MBL: Median Burst Length 
MSL: Median Suppression Length 
MBP: Mean Burst Power 
MSP: Mean Suppression Power 
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Chapter 4 
 
Signal processing methods 

In this chapter the signal processing methods used in the project are 
described. All methods mentioned are based on sampled, discrete signals as 
opposed to analog continuous signals.  
The differences between the patients noted in the previous chapter are 
relevant for the processing of the signals. If, for example, one tried to 
distinguish between burst and suppression by thresholding the power, it 
would clearly be difficult to find a good threshold that works for both patients 
5 and 6, since the mean suppression power for patient 6 is close to the mean 
burst power for patient 5. The challenge is to find measures that enhance the 
characteristics that are common to the different patients, and disregard the 
ones that differ. 
Many of the measures used to describe these signals are of a statistical type, 
and related to the shape of the distribution of the signal. Others measure the 
frequency contents, the power of the signal, or the information content. These 
measures are here termed features, because this term is common in 
classification literature, and because the measures are meant to describe 
different properties, or features, of the underlying EEG signal.   
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4.1 Filtering and pre-processing 
The signal level of the EEG is very low when measured from the scalp, in the 
range of tens of microvolts, making it very sensitive to interference from 
surrounding electrical fields created by common electrical appliances. These 
interferences are typically common mode, meaning that they appear on all 
leads simultaneously. Using the CAR montage described in section 2.3.2 
helps to suppress this interference because the mean of all channels is 
subtracted.  
The signal was also filtered by fitting and subtracting a straight line from 
each signal to remove any trends. It was band-pass filtered between 0.5 and 
20 Hz to remove low- and high-frequency interference, and notch-filtered at 
50 Hz to reduce power line interference before feature generation. In one 
case, an LMS (least mean square) adaptive filter [17] with a separate ECG 
channel as reference was used to suppress ECG interference in the EEG 
signal.  

4.2 Artifact removal 
The periods marked as artifacts were removed from the set after the feature 
extraction step, and were not included in the training or evaluation of the 
classification methods. The reason for including them in the feature 
extraction is that cutting a signal may introduce sudden steps in the resulting 
signal when the remaining parts are merged. These steps are of a high-
frequency nature and would influence many of the features described in 
section 4.3. Therefore all relevant parameters should be extracted before any 
cutting of the signal is performed. 

4.3 Features 
The EEG signal is not random, but it is so complex that that it is described in 
stochastic terms as a random process. Medical EEG specialists mainly use 
visual inspection of the waveforms in the time domain to classify the activity. 
However, when building a signal processing system for classifying signals, 
well-defined measurable features that can be implemented using 
mathematical functions are needed. Examples of features are the total power 
of a signal or the distribution of the power with respect to frequency. These 
two features measure two different properties of the underlying signal and 
can be independent, because two signals with the same total power could 
have totally different power spectra.  
 Table 3 shows the eight feature functions originally chosen for an 
investigation of their capability of distinguishing burst from suppression in 
burst-suppression EEG. 
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Feature Description 

Spectral Edge 
Frequency  
(SEF95) [18] 

Frequency under which 95% of the signal power 
resides, based on the Fourier transform (FT) calculated 
on rectangular windows of the signal 

3 Hz power Power in a 1-Hz wide band centered at 3 Hz 
Median [19] Median absolute value 
Variance (s2(x)) 
[19] 
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where x is a time series, and μ is the sample mean of x  
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x, μ and σ as above 
Zero crossings 
[18] 

Rate of zero crossings 

Shannon entropy 
(HSh) [20] 1
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p(I1)… p(IU) is a discrete set of probabilities, which are  
estimated by counting the samples falling in the disjoint 
amplitude intervals I1,..,IU.  
20 intervals were used evenly distributed between the 
maximum and minimum values of the signal in the 
window. HSh is a measure of uncertainty of a random 
variable. 

Table 3: Features that have been tested for burst and suppression classification 

All the features used here are extracted from sliding windows, because it is 
not possible to calculate spectra or statistical measures on single samples. A 
sliding window is just an interval of the signal, for example one second long. 
With a sampling frequency of 200 Hz, 200 samples will fall into this window, 
giving a statistical basis for calculating different parameters. Each parameter 
yields one value for each window. When the parameters have been calculated 
for a window, it is moved a certain distance along the signal, for example 
0.25 s, and the parameters are calculated for the samples that now are inside 
the window. Moving the window a distance that is smaller than the window is 
wide results in a certain overlap, in this example 0.75 s. The operation also 
results in a reduction in effective sampling frequency, from the original 200 
Hz to 4 Hz, since now four samples are used to describe one second of the 
signal instead of the original 200. This reduces the temporal resolution for 
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detection, but since the quality of the parameters calculated from the data in 
the window generally increases with increasing number of samples, this 
results in a trade-off between time resolution and accuracy.  
When using sliding windows, the length of the window and the distance it is 
moved in each step have to be decided. If the window is too short, there is too 
little information in each window to calculate a spectrum of sufficient 
resolution, or to calculate statistical parameters with high enough reliability. 
If it is too long, short periods of activity in the EEG could be drowned by 
other activity surrounding it. In the case of burst-suppression, a window 
length of one second was chosen, determined by the fact that the shortest 
bursts in the available material were one second long. The step length that the 
window is moved is not as critical as the window length. A short step length 
results in a large overlap between consecutive windows, and produces smooth 
output signals. A longer step length reduces the effective sample rate of the 
output signal, thus reducing the computation time for the following 
processing steps. 

4.3.1 Spectral Edge Frequency 
The spectral edge frequency (SEF) [18] of a signal is the frequency under 
which a certain percentage (e.g. 95%) of the power resides. This gives a 
measure of the shape of the frequency distribution, because for an EEG signal 
there will always be power in the low frequency range. SEF is a common 
measure used in EEG monitoring, and has for example been used for 
estimating the depth of general anesthesia, when a patient is made 
unconscious for surgery. 

4.3.2 3 Hz power 
This feature measures the power in a 1-hertz wide band centered around 3 
hertz, and was inspired by [21] who used a similar power measure for 
detecting BS under anesthesia.  

4.3.3 Median 
The median [19] is a number that divides a distribution in two equal parts. It 
can be found by sorting the numbers and taking the middle one. For a normal 
distribution the median is equal to the mean, but for e.g. the exponential 
distribution it is not. When estimating parameters from a limited set of 
samples, the median is less sensitive to outliers (extreme values) than the 
mean. 

4.3.4 Variance 
The variance [22] is defined by 

[ ]{ }2)()( XEXEXVar −=  

where X is a random variable and E(X) is the expected value of X. The 
variance is also denoted σ2, where σ is the standard deviation of the 
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probability density function of X. The standard deviation is a measure of how 
spread out the distribution is around the expected value. In the time domain, a 
large standard deviation would imply that the signal contains a large fraction 
of samples with amplitudes that are far away from the mean, while a low 
standard deviation implies that the samples are mostly close to the mean. 
Numerically, the variance is calculated as the mean of the squared difference 
between each sample and the sample mean: 
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where μ is the sample mean. Often the signal is zero-mean, which makes the 
variance equal to the mean power of the signal (the mean of the squared 
sample values).  

4.3.5 Skewness 
The skewness [22] of a distribution is defined by 
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and is a measure of how symmetric the distribution is. In the time domain for 
a zero-mean distribution, a high skewness value would imply that most of the 
samples with amplitude deviating from the mean would be positive. 
Numerically, the skewness is calculated as the cube of the sample mean of 
each sample’s deviation from the sample mean, normalized by the cube of the 
standard deviation: 
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4.3.6 Kurtosis 
The kurtosis [22] of a distribution is defined by 
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and is a measure of how “peaky” a distribution is. Higher kurtosis means that 
more of the variance is due to infrequent extreme deviations. 
Numerically, the kurtosis is calculated as the sample mean of each sample’s 
deviation from the sample mean raised to the power of four, normalized by 
the standard deviation raised to the power of four: 
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4.3.7 Zero Crossings 
The rate of zero crossings [18] was investigated as a way to measure 
frequency contents of a signal in the era before inexpensive computer chips, 
and is implemented by measuring how often the signal crosses the zero level. 
This is not simply related to the frequency of the signal, since a high-
frequency component superposed on a low-frequency component may not 
cross the zero level very often. 

4.3.8 Shannon Entropy 
The Shannon Entropy [20] is a measure of uncertainty of a random variable, 
and is a measure of the information content. It is calculated by defining a set 
of bins that divide the allowed amplitude range into disjoint intervals I1,..,IU 
and then estimating the probabilities p(I1)… p(IU) by counting how many 
samples fall into each bin. 
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In the present implementation, 20 bins distributed between +/-σ were used, 
where σ is the standard deviation of the EEG signal.  

4.4 Feature characteristics and post-processing 
After feature generation some steps were taken to prepare the feature signal 
for the classification algorithms. Some of these steps, such as the 
normalization procedure, were chosen to reduce the differences between 
recordings from different patients. Others, such as the channel combination 
and feature smoothing, were chosen based on prior knowledge of the 
expected characteristics of the BS activity. 

4.4.1 Normalization 
The feature signals represent different properties of the EEG and have 
different amplitude ranges. For many classifiers it is an advantage to have 
features with approximately the same dynamic range, because of the way the 
thresholds are adapted in multiple dimensions. A standard way to achieve this 
is to normalize all feature signals by subtracting the mean from the signal and 
dividing it with its standard deviation, producing signals with zero mean and 
unit standard deviation. This method works well for signals where there is 
approximately the same amount of the different classes in the different data 
sets, but in burst-suppression signals this is not the case. Data from different 
patients contain different amounts of bursts, and just subtracting the mean 
would make the mean for the suppression part end up at different levels.  
To cope with this, a different normalization procedure was developed. The 
first and 99th percentile of the histogram were found, and fitted into the 
interval zero to one, giving all feature signals an equal magnitude range. The 
percentiles were chosen, as opposed to just using minimum and maximum 
values, to make the normalization procedure less sensitive to extreme values. 
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The method has the drawback that if the signal to be normalized does not 
contain both classes, for example if the whole recording only contains 
suppression, the mean of the suppression will be pulled towards the value the 
burst part would have had. Therefore it must be known that a signal actually 
contains both burst and suppression before this normalization procedure is 
carried out. 

4.4.2 Feature smoothing 
Because of the sliding window used in the extraction of the feature values, 
the feature signals have a lower effective sampling frequency than the 
original EEG signal. The value of the features for each segment of the EEG 
varies a lot, but when detecting events that are a few seconds long it is better 
to have a smoother signal to capture trends in this time range. Therefore the 
feature signals were smoothed using a six-point triangular window function. 
This is performed by convolving the signal with the window function, 
meaning in practice that for each sample in the signal, the triangular function 
is centered at that particular sample, and the six samples surrounding the 
centre sample are multiplied by the corresponding window values. The mean 
of the six resulting values is the output value for that position in the signal. 
This procedure smooths the signal by averaging over a small interval of the 
input signal, but with emphasis on the center value because of the triangular 
shape of the window function. 

4.4.3 Channel combination 
After feature generation, the feature signals were combined per feature by 
forming a new signal as the median value of the eight feature channels. This 
was motivated by the fact that BS is considered to be a global phenomenon 
appearing in a majority of the EEG channels, and using the median over the 
channels removes disturbances present in one or a few of the channels.  
Reducing the number of channels involved in the classification also reduces 
the computational complexity. 

4.4.4 Output signal smoothing 
The output from the classification procedures was in some cases found to be 
noisy, and using knowledge of the typical length of a burst, a smoothing 
algorithm was applied that uses a five-point sliding window and checks if the 
majority of the samples in the window are burst detections. If they are, all 
samples in the window are converted to burst detections; if they are not, all 
samples in the window are converted to suppression. This has the result that 
groups of short detections are converted into longer continuous detections, 
while short isolated detections are removed, increasing the performance in 
most cases.  
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4.5 Features selected for classification 
The feature functions described in section 4.3 were chosen because they 
enhance some characteristic of the EEG signal that differs between burst and 
suppression intervals. Out of these features, the five that were found to be the 
most stable ones with respect to the different patients were chosen to be 
included in the classification procedure. Figure 7 shows the same period as 
Figure 5, but this time the five extracted features from the signal are 
displayed. In general, the amplitude difference between burst and suppression 
is larger for the feature signals than for the raw EEG and, in contrast to the 
irregular EEG signal, the feature signals change in a slower way with a 
generally stable level for suppression periods and peaks (positive or negative) 
for burst episodes.  
Figure 8 shows the feature signals corresponding to the EEG signal in Figure 
6, a more difficult case. Here, all bursts are not as pronounced as in the other 
case. The record also contains two artifacts (disturbances introduced by, for 
example, movement of electrodes) that are similar to bursts when viewed in 
the feature domain, but are classified as artifacts by the human expert who 
has reviewed them in the raw signal at a high time resolution. 

S
E

F9
5

3 
H

z 
po

w
er

m
ed

ia
n

en
tro

py
 (2

*s
td

)
va

ria
nc

e

 
Figure 7: The five feature signals that have been chosen for BS classification have been 
extracted from the 2.5 minutes of EEG from patient 3 shown in Figure 5. This is an example 
of very clear burst-suppression activity. The shaded intervals are bursts marked by a human 
expert. 
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Figure 8: The same five features as in Figure 7, but from the more difficult EEG from patient 
4 shown in Figure 6. This is an example of BS activity where the difference between burst and 
suppression is smaller than in Figure 7. This recording also contains two artifacts, marked by 
pink shading. 

In the distributions of the five normalized feature signals are compared. All 
the data from the six patients are included in the distributions, with burst in 
red and suppression in blue. It can be seen that the burst and suppression 
distributions overlap considerably. This overlap decreases the probability of 
correct classification, because no threshold can be chosen that separates the 
two classes.  
The overlap between the burst and suppression parts of the distributions is 
caused partly by the time resolution of the reference classifications: when 
they were created, a time resolution of one second was used, and when the 
start or stop of a burst did not coincide with an even second, the limits were 
set to include the entire burst. This means that a lot of suppression data has 
been included in the burst part of the distributions.  
Even though some of the overlap is due to the nature of the reference data, 
the classification when using a single feature was found to be unsatisfactory, 
because no single feature could be found that gives good classification 
performance for all patients. The classification methods in Chapter 5 were 
chosen because they make a decision based on multiple features. Using more 
features adds information and should increase the accuracy of the 
classification.  
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Figure 9: Histograms for the five chosen features, when the burst and suppression parts have 
been separated. Burst is shown as red, suppression as blue. 

 

4.6 Feature space 
When a signal is described by multiple features, these combinations of 
features can be viewed as vectors in a space. Each feature is assigned to an 
axis, and each window from the input signal is represented by a point in the 
space spanned by these axes. In the case of classifying patterns, the threshold 
in the one-dimensional case becomes a hyperplane in an N-dimensional 
space, where N is the number of features used to describe the signal. This is 
exemplified in Figure 10 for the cases of two and three dimensions. 
When adding features to a non-separable classification problem, it is possible 
that separability can be found, possibly by adapting a nonlinear decision 
boundary instead of a linear threshold, in the new representation of the signal. 
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Figure 10: Burst (red) and suppression (blue) described by two features in a two-dimensional 
space (top) or three features in a three-dimensional space (bottom) 
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Chapter 5 
 
Classification methods 

Classification is a procedure of making a decision based on data, i.e. placing 
different items in different classes. The data should contain information that 
is relevant to the decision, i.e. be correlated with the class membership. 
Classification algorithms can be purely statistical, and apply a threshold on 
the data based on prior knowledge of the distribution of the data with respect 
to the class membership. They can also be based on machine learning, and 
iteratively learn patterns from examples. 
In this chapter, the classification algorithms known as Fisher’s linear 
discriminator (FLD), artificial neural networks (ANN) and support vector 
machines (SVM) are described. They all have the properties that they 
typically are trained using pre-classified multidimensional input training data, 
and form classifiers by trying to find the optimal boundary between the 
classes in this multidimensional space. The ANN does this by iteratively 
moving a number of linear planes based on the error in each step, while SVM 
optimizes a nonlinear boundary that maximizes the margin between the 
classes. FLD is a linear projection and, based on scatter matrices for the 
classes, the projection onto the line that gives the best linear separation is 
found analytically.  
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All these methods are based on finding a classifier using training data, and 
then applying it to test data. The reason for choosing this type of algorithms 
is that we envision a system that is trained on a number of manually classified 
training cases, once and for all. Then this system can be used for classifying 
new cases without the need of any manual adaptation when it is applied to a 
new patient, something that would be of great benefit in a hospital setting.  
The method of maximum likelihood for classification based on one-
dimensional inputs is presented for comparison, and because it is a part of the 
FLD method. 

5.1 Classifier accuracy estimation 
The accuracy of a classifier can be determined by dividing the data into two 
sets, one for training the classifier and one for testing it. If a very large data 
set were available it could be divided into, for example, 25% test data and 
75% training data. However, it is often the case that there is only a limited 
amount of data available and more efficient methods to estimate the accuracy 
are needed. A common way is to use m-fold cross-validation, where the data 
are divided into m sets of equal size n/m, where n is the total number of data 
samples. Then the classifier is trained m times, each time with a different set 
held out for validation, and the final accuracy is the mean of these m 
instances.  
In the present case, data from six patients were available, and six-fold cross-
validation was used in the sense that for each training, one patient was held 
out and used for validation while the remaining five were used for training.  

5.2 Performance measures 
For performance evaluation, sample sensitivity and specificity were used as 
measures. Sensitivity was defined as the percentage of the burst samples that 
were correctly classified as bursts, and specificity as the percentage of the 
suppression samples that were classified as suppression.  
Receiver operating characteristic (ROC) curves [23] were formed by taking 
the raw output from the respective algorithm and using a range of thresholds 
covering the range of the outputs. These curves show the potential of a 
detector, displaying all possible trade-offs between sensitivity and specificity. 
The area under the curve (AUC) provides a single number for comparing the 
classifiers, with one representing the perfect classifier. 
Because of the small number of patients, the individual performance 
measures were not averaged, but kept separate for comparison of the 
performance for different patients. 

5.3 Maximum Likelihood Classification 
Maximum likelihood (ML) [24] classification is a simple method for 
classifying samples based on their probability density functions (pdfs) [25]. A 
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pdf is a statistical description of a signal that shows how probable different 
values are, and can be estimated as a histogram. 
In a two-class case, the conditional probabilities are compared: 

Decide ω1 if p(x|ω1)> p(x|ω2); otherwise decide ω2 
The above decision rule is interpreted as follows: for each sample, examine 
the value and look up the probability for that value in the pdfs for the two 
classes. Then choose the class with the highest probability.  
The ML algorithm described above is equivalent to the Bayesian decision 
rule with equal prior probabilities [23]. Prior probability in this case means 
that the classification rule is weighted with the probability of each class, 
which can be estimated by calculating the proportion of the samples that 
belong to each class. This was not used in the BS case because bursts 
generally are much less likely than suppression, and weighting the decision 
rule would decrease the sensitivity significantly.   
The ML classifier was implemented by using training data to estimate the 
pdfs by e.g. calculating and smoothing the histograms for the two classes 
(Figure 11). The areas of the histograms were then normalized to one. Unseen 
data are classified by taking each sample and comparing it with the two pdfs. 
The one that gives the maximum probability value is chosen as the most 
likely class for the sample. The input value that produces the same 
probability value for the two classes is the threshold of the ML classifier.  

-0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 1.2 1.4

SEF95

 
Figure 11: Example of pdf for the feature SEF95 divided into burst (red) and suppression 
(blue).  

The ML classifier differs from the other ones in that it cannot handle 
multidimensional feature data without estimating parametric multi-
dimensional pdfs, something that can be very tricky. A way to avoid this is to 
use a projection like Fisher’s Linear Discriminant (see next section) to 
reduce the dimensionality of the feature data. Another way is to use the ML 
classifier on the different features separately, and then combine the results by 



Chapter 5 

34 

e.g. voting. These methods, however, have the drawback that any 
nonlinearities in the high-dimensional feature data are disregarded. 

5.4 Fisher’s Linear Discriminant 
Fisher’s linear discriminant (FLD) is an analytical way to derive a linear 
projection [26] of a multidimensional dataset onto the line that gives the 
maximum separation of two classes. This reduces the dimensionality to one, 
and ML classification can be used to calculate the final classification.  
A projection of a vector x onto a line in the direction of the vector w is 
written 

xw T
Fy =  

where wF is a vector, x is a d-dimensional signal and y a one-dimensional 
signal. In the present case, each vector x contains one value from each of the 
five features and represents one second of the EEG signal in feature space. 
The trick here is to find the line defined by w that gives maximum separation 
of the classes in the output one-dimensional signal y.  
It can be shown [23] that the vector w is given by  

)(1
21 mmSw −= −

W  

where mi is a vector in which each element is the mean of the corresponding 
feature signal for class i, and SW is the within-class scatter matrix which is 
proportional to the sample covariance matrix for the entire dataset (both 
classes).  
The projection is then applied to the test data, resulting in a mapping from the 
N-dimensional feature signal (N=5 in the experimental work) to a one-
dimensional signal. Applying a threshold to this signal produces the 
detections. The threshold can for example be found through maximum 
likelihood classification. 

5.5 Artificial Neural Networks 
Artificial neural networks (ANN) is a collection of methods used for training 
a classification system using pre-classified training data. The inspiration for 
the model and the names of the structures comes from neurology, and the 
model is thought to mimic the behavior of the neural networks in the human 
brain. The neural network is relatively simple to implement, and is 
represented by one matrix per layer.  

5.5.1 Multi-layer feed-forward neural network 
The perceptron [27], or artificial neuron, is the simplest type of ANN. It is a 
simplified model of a biological neuron, having a structure with any number 
of inputs and one output. There is also a special input called the bias. The 
neuron implements a linear decision boundary in a space of the same 
dimensionality as the number of inputs. The neuron can be written 
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)( by T
P += xwϕ  

which is the output of the function φ when the input is the inner product of 
the d-dimensional input signal x and a weight vector wP, plus the bias term b. 
The weight vector describes the orientation of the plane, and the bias term 
specifies the position.  
Compared with the FLD, the neuron equation is equivalent to the FLD 
projection except for the bias term and the activation function. The bias in the 
perceptron acts like a threshold; the projected signal is offset so that taking 
the sign, or thresholding at zero, gives the detections. The bias for the 
perceptron is found through a learning rule, while the threshold in the FLD is 
found by e.g. ML. 
There are many alternative activation functions, for example the simple 
signum function that acts as a zero-level threshold and outputs a binary 
signal. Another common class of activation functions are the sigmoid 
functions. These functions have an S-shape that introduces a nonlinear 
property in the network. The S-shape gives the functions the property that 
they act linearly around the origin, while large inputs are squeezed into the 
interval zero to one. In the implementation used in this project, the hyperbolic 
tangent function was used (Figure 12). 
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Figure 12: The hyperbolic tangent function, an example of a sigmoid function that is 
commonly used as activation function in neural networks. 

The neuron can graphically be visualized as in Figure 13. In this example, it 
has three inputs and one output, but the model allows for any number of 
inputs. Each input i is associated with a weight wi and the bias term is a 
constant unitary input associated with the weight w0. The S-shape inside the 
neuron illustrates the sigmoid activation function that is applied to the output. 
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Figure 13: A neuron with N inputs, bias and one output. The S-shape symbolizes a sigmoid 
activation function. 

The multilayer perceptron (Figure 14) consists of any number of layers of 
neurons, although two (or three, if inputs are considered to be neurons) is the 
most common. The outputs from the first layer are connected to the inputs of 
the next layer in a strictly forward manner, hence the designation “feed-
forward” network.  
The input and output layers are the only ones that need to be observed by the 
user; the layers in between are called hidden layers. Usually the network is 
designed for a two-class problem, with an output layer consisting of one 
neuron that sums and thresholds the inputs from the hidden layer and gives 
+/-1 as output. The number of neurons in the hidden layer depend on the 
nature of the problem, i.e. how complex a boundary is needed to divide the 
classes in feature space. 
Physically the feed-forward network can be interpreted as a combination of a 
number of linear classifiers that together form a nonlinear boundary in the 
multidimensional feature space. Each of the neurons in the hidden layer 
implements a linear hyperplane and the output neuron combines them into a 
nonlinear decision boundary. 
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Figure 14: Three-layer perceptron with input layer to the left and output to the right. The 
hidden layer has sigmoid activation functions and the output neuron has a signum (threshold) 
activation function. Each arrow, connecting one layer with the next, is associated with a 
weight. Each input value to a neuron is multiplied with its respective weight before all inputs 
to the neuron are added. The bias term can be seen as a constant input with value one, and the 
bias value is the weight of the bias input. 

 

5.5.2 Back-propagation training 
The network is trained by using an algorithm called error back-propagation. 
During training, data are presented at the input of the network, and the 
resulting output is compared with reference data. If the output is wrong, the 
error is propagated back through the network, and all weights are updated by 
an amount proportional to the error [23]. The training process can be viewed 
as an iterative multidimensional optimization, as follows. The training 
algorithm searches a multidimensional error surface for the global minimum. 
During this process it is in some instances possible that the algorithm gets 
stuck in a local minimum instead of the global one. The network is initialized 
with a set of randomly selected weights, and depending on the starting point 
the final network may converge to the optimum or get stuck in a sub-optimal 
state. A way to reduce the risk of using a sub-optimal classifier is to train a 
number of instances of the network and choose the one with the lowest 
training error. 
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A problem that is common to all classifiers is the risk of overfitting, which 
means that the classifier is so well trained that it perfectly fits the training 
data, even with regard to noise. This leads to poor generalization: the 
classifier performs badly when presented with unseen examples. When 
training a feed-forward ANN, a common way to avoid overfitting is to use a 
separate test set that is passed through the network at certain intervals during 
the iterative training process. When the error starts to increase for this test 
set, the training is stopped, a method called early stopping. 
There are some heuristics commonly used to help the training process to get 
to the right solution more quickly and to reduce the complexity of the 
classifier. Adding a momentum factor to the training algorithm helps the 
classifier to speed up when moving along nearly planar error surfaces, and 
may help in kicking it out of local minima. Weight decay is a technique that 
reduces the influence of weights that do not help to reduce the training error, 
and involves the multiplication of each weight with a fraction after each 
training step. Weights that are never reinforced by the training will then 
gradually decay to zero. 

5.5.3 Applying the neural network to the data 
When the neural network was applied to the burst-suppression classification 
problem, it was implemented as a feed-forward network with one hidden 
layer containing ten neurons, a number empirically found to be “large 
enough”. The output layer contained one neuron and the input layer contained 
five inputs, one per feature. The network was implemented in Matlab using 
basic operations such as for-loops and matrix multiplications.  
The training of the network was performed using error back-propagation. The 
influence of redundant neurons was reduced using weight decay, meaning 
that the weights of neurons which are not updated by the training gradually 
go to zero by means of a small negative update in each iteration.  
Overfitting was avoided by using early stopping, meaning that the error on 
the evaluation set was monitored and a training length that resulted in a 
reasonable trade-off for all different patients was chosen. Figure 15 shows an 
example of how the sensitivity, specificity and AUC evolve during training. 
Initially, all samples are classified as suppression, resulting in 100% 
specificity and zero sensitivity. The sensitivity is then gradually increased 
while maintaining a high specificity. This relation is due to the uneven 
distribution of burst and suppression in the data: there are many more 
suppression samples than burst samples. The AUC is found by sweeping a 
threshold over the entire range of the output signal, and is very high except 
for the very first iterations. The contradiction between the gradual increase in 
sensitivity and the very quick increase in AUC arises because the AUC 
calculation does not depend on a specific threshold value. 
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Figure 15: Sensitivity, specificity and AUC as functions of the number of training iterations in 
the ANN.  

Figure 16 shows a visualization of the network weights. These determine how 
large an influence the inputs have on each hidden neuron, and how much 
influence each hidden neuron has on the final summation in the output 
neuron. As can be seen in the figure, about half of the neurons have weights 
close to zero, meaning that they contribute very little to the final result. This 
effect is achieved through weight decay, and show that some neurons could 
be removed to reduce the computational complexity. 
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Figure 16: Visualization of the weights of the trained network. Each of the ten hidden neurons 
is connected to all input features via weights, and each hidden neuron is connected to the 
output neuron via another set of weights. Each training of the network results in a unique set 
of weights. In this case, weight elimination has driven six of the hidden neurons to very low 
values, meaning that they do not contribute much to the result. 
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5.6 Support Vector Machines 
While ANNs are based on minimizing the empirical risk by iterative training, 
and use a number of heuristics to improve performance and avoid getting 
stuck in local error minima, the support vector machine (SVM) has a more 
solid theoretical foundation. It consists of two main parts:  

• Using kernel functions to map the input data to a higher-dimensional 
space 

• Maximizing the margin of classification 
In short, the first part means that the SVM uses a function to transform the 
problem nonlinearly and then construct a nonlinear decision boundary using 
linear techniques. The second part means that while a classifier such as an 
ANN settles for any boundary that separates two classes in the training data 
from each other, the SVM finds the one that maximizes the margin (Figure 
17), a property that often will increase the generalization ability of the 
classifier. 

 
Figure 17: Two classes can be separated by many boundaries, but only one maximizes the 
margin. 

The SVM also has the property that only the samples near the decision 
boundary are involved in the computations. While the ANN is trained by 
updating its weights with an amount proportional to any randomly chosen 
misclassified training sample, the SVM can be trained by choosing the 
current worst-classified pattern. When the training is finished, these patterns 
would be the support vectors, the patterns on the margins that define the 
optimal separating hyperplane (Figure 18). This method of training the SVM, 
however, is feasible only for very small datasets, because it would mean that 
all training samples have to be searched in each iteration in order to find the 
worst-classified sample. Instead other more efficient algorithms are used. 



Classification methods  

41 

 
Figure 18: The support vectors are the training samples that fall on the margin. 

   

5.6.1 Kernel trick 
Kernel functions are used for transforming a classification problem 
nonlinearly into a higher-dimensional space. The idea is that if a problem is 
not separable in the basic feature space, there exists a space of higher 
dimension where the problem is separable. This is, for example, always true 
in the extreme case where the number of dimensions is equal to the number of 
samples. There are infinitely many possible kernel functions, but the one used 
here is the Gaussian radial basis (RBF) kernel: 

Gaussian RBF kernel:  ( )
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In the Gaussian RBF kernel, d is an input parameter that sets the width of 
local Gaussian function centered at each support vector. 
The transformation is never explicitly calculated, because the transformed 
space may be of very high dimensions, and require complex computations. 
Instead, the calculations are done implicitly by using the kernel function with 
the feature values as input.   

5.6.2 Training and training parameters 
The SVM maximizes the margin between separable classes; but in reality, 
classes are rarely completely separable. The regularization parameter C 
controls how many of the samples are allowed to be misclassified, thus 
determining the smoothness of the boundary and keeping down the 
complexity of the classification boundary. Without regularization the 
algorithm could adapt a very complex boundary, correctly classifying all the 
training samples, but this would in many cases lead to overfitting and bad 
generalization ability. 
The Gaussian kernel also has a control parameter, d, that determines the 
radius of the Gaussian function, thus controlling the radius of influence for 
each training pattern.  
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The SVM is a deterministic minimization problem, and has the advantage 
over e.g. neural networks that the same data and control parameters always 
produce the same result, while the randomly initiated neural network may get 
stuck in a sub-optimal local minimum. The kernel and regularization 
parameters are not analytically derivable, however, and need to be found 
through iteration. This can be done through a grid search: the performance of 
the classifier is measured at a number of (C, d) combinations, and the 
combination with the best performance is chosen.  

5.6.3 Applying the support vector machine to the data 
When the SVM was applied to the BS classification problem, the RBF kernel 
was used with width parameter and misclassification weight determined by a 
grid search. The performance values varied significantly for the different 
patients, so the final values were chosen to give decent performance for all 
cases, rather than selecting a parameter setting that would have given almost 
perfect performance in some cases and zero performance in others. Figure 19 
shows an example of AUC values plotted in a grid of parameter values. Note 
that the surfaces for the different patients are located at different heights, and 
that the gradients for increasing performance point in different directions. 
This makes the optimization of the parameter values difficult, and will end up 
as a trade-off that gives decent performance in all patients.  
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Figure 19: Example of AUC plots from a grid search for optimal C-lambda values. Note that 
the gradients in the subplots all point in different directions, meaning that increasing the 
performance for some patients would decrease the performance for other patients. 
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Chapter 6 
 
Classification method comparison 

This chapter presents the results of applying Fisher’s linear discriminant 
(FLD), a neural network (ANN) and a support vector machine (SVM) on the 
burst-suppression classification problem. Section 6.1 contains examples of 
detection results when using the set of five features presented in section 4.3, 
while section 6.2 explores the results achieved when performing the 
classification using different subsets of these features. 
The results are presented as receiver operating characteristics (ROC) curves, 
and compared by using area under the curve (AUC) values as described in 
section 5.2. 

6.1 Results – five features 
In Figure 20 an example of detections from the different classification 
methods is displayed together with the EEG. The colored blocks represent the 
detections made by the three methods, while the shading shows the reference 
classification made by the human expert. The features used for this example 
are the five displayed in Figure 7. We see that all bursts in the segment are 
detected and that the differences between the methods are small. These 
results are just examples of what the detections can look like in the time 
domain, and represent just one point along the ROC curve. Specific results 
depend on what parameters are chosen when training the classifier, as 
described in the previous chapters concerning the different classification 
methods. 
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Figure 20: EEG signal from patient 3 together with detections from the three methods 
(orange: SVM, red: ANN and blue: FLD). 

Figure 21 shows the same type of example as Figure 20, but is based on the 
feature data in Figure 8, from another patient. In this case there is one burst 
that is completely missed, and there are two artifacts that are classified as 
bursts. Note however that the artifacts have not been considered in this work, 
and that they have not been included in the training or in the performance 
evaluation. A finished monitoring system will have to contain functionality 
for detecting artifacts and excluding them from analysis. 

 
Figure 21: EEG signal from patient 4 together with detections from the three methods 
(orange: SVM, red: ANN and blue: FLD). 

Figure 22 shows the results of the methods in the form of ROC curves, one 
plot for each method with one curve for each patient. These curves reflect the 
full potential of a method by showing all possible trade-offs between 
sensitivity (probability of true detection) and specificity (probability of false 
detection). The ideal detector would have 100% sensitivity and 100% 
specificity and have a normalized AUC value of 1.  
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Figure 22: ROC curves for the three detection methods, with separate curves for the six 
patients. The axes are graded in percent. 

The AUC values for the detectors are summarized in Figure 23. This 
summary shows that the patients fall into two groups: one group where the 
methods perform well, i.e. for patients 1, 2, 3 and 5, and one group where the 
methods perform worse, i.e. numbers 4 and 6. 
The reason for the difference in performance between these two groups is still 
unclear. It may be that the patients have different degrees of illness, or that 
the electrodes were applied differently so that the signals measured from 
these two patients have more noise present in the suppression segments. The 
patients were however chosen to be as equal as possible, and all were 
severely ill at birth after a full-term pregnancy. 
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Figure 23: Comparison of the AUC results for the different methods, displayed for the six 
patients individually. The values are the areas under the curves in Figure 22, with one 
representing the perfect classifier and 0.5 representing random classification. 

The comparison also shows the tendency that the FLD performs worst in 
general, and SVM performs best. The statistical material (six patients) is 
however too small to calculate statistics or draw solid conclusions about the 
performance of the methods. 

6.2 Feature comparison 
To determine how much the various feature signals add to the performance of 
a classification method, a few different approaches can be taken. Principal 
component analysis (PCA) is a linear method to approximate a dataset with a 
set of lower dimensionality, and can be used for lowering the dimensionality 
to reduce computational complexity for the classifier, or to determine what 
features add most information and then removing the ones that do not add so 
much from the beginning. This, however, uses linear dependencies to 
determine the information content.  
When using nonlinear classifiers such as e.g. neural networks or support 
vector machines, there may exist nonlinear relationships in the feature data 
that are not so obviously determined. This may be solved with a brute-force 
method: test the classifier with all possible combinations of increasing 
numbers of features. The result of applying this operation on the burst-
suppression classification is shown in Figure 24. The figure shows the 
performance for the three methods for increasing numbers of features 
included in the classification. Each point represents the result achieved when 
using the best combination for the number of features indicated on the x-axis. 
Note that it is not always the same combination for the different patients. 
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Figure 24: The AUC value for increasing numbers of features included in classification of BS. 
The calculations have been done for all possible combinations of features and the maximum 
values are presented. The mean has been taken with respect to patients.  

The means of the values in Figure 24 are summarized in Figure 25. This bar-
plot shows that all three methods have a tendency to decrease in performance 
when more than two features are used. The plot also shows that FLD 
decreases the most, while SVM only decreases slightly and ANN is between 
the two other methods.  
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Figure 25: Comparison of the mean values in Figure 24. From this comparison, it seems that 
using more than two features decreases the performance. The SVM is least affected by this. 
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These results should be interpreted carefully. The results are only based on 
the feature combinations that are best, for each individual patient. In the two-
feature case, this implies that it is not the same two features that are used for 
all patients. Since the goal is to find a set of features that works equally well 
for all patients, it is still justified to use combinations of more features than 
two. 
This result illustrates a phenomenon that often has been encountered during 
this project: there is not a single choice of features or parameters that is 
optimal for all the different patients, and the final choice often has to be a 
trade-off that provides decent performance for all patients in the set.  
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Chapter 7 
 
Discussion 

In the preceding chapters, I have described the medical background to define 
the problem of monitoring the function of the brain. The method of extracting 
specific features from the EEG signals has been described and three different 
classification algorithms have been defined. Finally, these methods have been 
applied to neonatal EEG and used for classifying burst and suppression 
activity. 
The individual performance of the three methods is summarized as AUC 
measures in Figure 23. These results show that the SVM has the best mean 
performance, followed by ANN and Fisher. SVM and ANN are nonlinear 
methods while Fisher is purely linear, which might explain the difference. 
However, the difference in performance is in most cases small and, in 
practical applications, should be weighed against the difference in 
computational complexity. Calculating the Fisher projection is done in a few 
seconds on a standard desktop PC, while training the SVM can take hours, 
depending on what control parameters are used.  
All of the compared methods allow for many variations in implementation. 
Fisher’s linear discriminant is the most straightforward of the three; it 
provides the user with a well-defined linear projection of the data, and all that 
is left for the user to choose is the threshold level, which can be chosen 
automatically by using e.g. maximum likelihood (ML). The SVM on the other 
hand requires the designer to choose a kernel and to find appropriate values 
for the misclassification weight and for the kernel parameter. The neural 
network has to be set up with respect to network topology and types of 
activation functions, and the training can be adjusted using parameters that 
control step length, momentum, and weight elimination. All these variables 
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make the task of making a completely fair comparison of the methods 
difficult.  
In terms of performance, the detection results for the different patients tend to 
fall into two groups, with results for patients 4 and 6 at a lower level than the 
others. These differences could for example be explained by varying degrees 
of cerebral dysfunction, variations in signal quality or some other type of 
individual variation. For example, patient 6 has significantly higher power in 
the suppression parts of the signal and a higher BSR than the others (Table 
2), possibly indicating a different degree of cerebral dysfunction. Whether 
this is the case or not remains to be seen in a further study. 
The features that were extracted from the EEG signal and used in this work 
have been chosen because they have properties that make them useful for 
classifying burst and suppression. When constructing a system for classifying 
other kinds of activity, other features may be needed. The present features 
were chosen to represent a set with complementary properties of the data, 
such as frequency content, information content and variance. Other ways to 
choose features exist, for example by generating a large set of wavelets and 
then include network pruning, principal component analysis or genetic 
algorithms [28] in the training in order to remove the features that do not add 
any information, thus reducing the computational complexity. What features 
that eventually will be used depend on the nature of other types of activity 
that remain to be investigated. 
In the experimental part of this work, the case of classifying burst and 
suppression has been considered. Further work may include classifying other 
types of activity in neonatal EEG, such as normal periodic activity or seizure 
activity. This work will hopefully provide the basis for a system for 
automatic classification of EEG that can be used for on-line monitoring of 
neonates, thus improving the quality of care and preventing potential brain 
damage in newborn babies. 
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Chapter 8 
 
Future work 

The results presented in this thesis show that it is possible to classify burst 
and suppression with good accuracy in most patients. This is, however, only 
the first step towards a complete EEG classification system that can be used 
for monitoring the health of the brains of newborns at the NICU. The next 
step should be to compare the pathological intermittent burst-suppression 
pattern with the normal intermittent tracé alternant and design a classifier that 
can distinguish between the two. The complete system will probably be a tree 
structure with binary decisions that classifies the EEG activity into all the 
groups that are relevant in the NICU monitoring setting. 
The functionality developed here should also be implemented and integrated 
into the SACS® [29] system so that it can be tested by the clinicians working 
with this kind of patients, both at the NICU and at the neurophysiological 
labs. The SACS system is developed using a modular approach that makes it 
very flexible, and implementing a classifier as a SACS module makes it 
possible for the user to combine it any way he likes with the other modules.  
At the NICU the new functionality should be tested as an alternative or 
complement to the aEEG that currently is used for monitoring some infants. 
At the lab it could be used as a tool that simplifies the work of the 
neurophysiologist by highlighting areas of interest that should be further 
studied. 
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