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Resumo

Uma interface cérebro-computador (ICC, BCl em inglés), também chamada interface mente-mdquina
(IMM), e também interface neural direta (IND), interface telepatica sintética (ITS) ou interface cérebro-
maquina, € um caminho comunicativo direto entre o cérebro e um dispositivo externo. Essa cria a
possibilidade de usuario controlar um sistema ou um ambiente sem necessidade de usar os musculos.
Além disso, a ICC possibilita a gravar e analisar as atividades neuropsicoldgicas de um individuo.
Claramente a aplica¢do da ICC aumentou significativamente durante a década passada. Entre varias
aplicagGes dele, recentemente, pesquisadores tem se interessado em uso dos sinais EEGs na area de
seguranca ao volante. A condugdo sonolenta é uma das maiores causas de acidentes nas rodovias do
pais. Essa pesquisa tem como objetivo o desenvolvimento de um sistema de detecgdo de sonoléncia por
meio de uma abordagem eficiente baseada em algoritmo K-nearest neighbors (K-NN). Na primeira fase a
distribuicdo de energia dos sinais EEG foi obtida usando uma transformacdo de Fourier (STFT) e depois o
valor médio de energia em periodos de tempo de 0.5 segundos, desvio padrdo e entropia Shanon foram
calculados para cada das sub-frequéncias de EEG. Por fim, 52 caracteristicas foram extraidas. O
algoritmo Random Forest foi aplicado nesses dados afim de os atributos mais informativos entre os
demais. Finalmente 11 caracteristicas foram selecionados foram selecionados para classificar a
sonoléncia e o estado de alerta. O algoritmo KD-tree foi utilizado como algoritmo de busca de vizinhos
mais préximo para ter um classificador K-NN mais rapido. Nossos resultados mostram que a sonoléncia
pode ser classificada eficientemente com 91% de precisdo usando os métodos e materiais propostos
neste trabalho.



ABSTRACT

Brain Computer Interface (BCI) is a way to establish a communication between brain and
computers. It allows the users to control a computer system and even an environment
without moving a muscle or it allows the computer to record and analyze the user’s neu-
ropsychological brain activities. Clearly, the range of BCI applications has increased in
the past decade due to the use of modern machine learning and signal processing methods.
Among various applications of BCI, lately the use of EEG records for driver safety has
been considered by some researchers. Drowsy driving is a major cause of many traffic
accidents. The aim of this work is to develop an automatic drowsiness detection system
using an efficient k-nearest neighbors (K-NN) algorithm. First, the distribution of power
in time-frequency space was obtained using short-time Fourier transform (STFT) and then,
the mean value of power during time-segments of 0.5 second was calculated for each EEG
sub-band. In addition, standard deviation (SD) and Shanon entropy related to each time-
segment were computed from time-domain. Finally, 52 features were extracted. Random
forest algorithm was applied over the extracted data, aiming to choose the most informative
subset of features. A total of 11 features were selected in order to classify drowsiness and
alertness. The Kd-tree algorithm was used as the nearest neighbors search algorithm so as
to have a fast classifier. Our experimental results show that drowsiness can be classified
efficiently with 91% accuracy using the methods and materials proposed in this paper. We
also compared the classification results obtained by K-NN (as an instance-based learning
algorithm) with four well-known classifiers including decision tree, support vector machine,

logistic regression and naive bayes.

Keywords: Brain Computer Interface, EEG classification, Drowsiness detection, K-Nearest Neighbors,

EEG signal processing, Kd-trees, Random forest, Feature selection
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Chapter 1

INTRODUCTION

This chapter presents the general context and motivation of this research, and the goals that

the current investigation aims to achieve.

Brain-computer interface (BCI) (or brain-machine interface (BMI) for some researchers) es-
tablishes a direct interface between the brain and some external device. The basic idea is to
capture the thoughts by inspecting the brain waves. There are basically two means to do so:
invasive and non-invasive. Invasive methods rely on objects (like electrodes or chips) or subs-
tances (like chemical molecules) introduced into the brain of a subject or animal. On the other
hand, non-invasive methods do not require object implantation or drug inoculation into subjects
(or animals) brain (or body). Usually, the subject interacts with the computer system through
wearable devices. The fundamental concept is that the brain signal bypasses the normal output

pathways of the body.

At the beginning, BCI researches focused on fundamental applications such as prompt con-
trol. Later on, the researches focused on applications for paralyzed patients or for cases with
locked-in syndrome. Nowadays, the area has experienced more alternative applications in he-
althy human subjects. One could point out the use of modern machine learning and signal
processing methods as the reason for the increase of BCI applications in the past decade. Some
of the main applications of this area are: communication, prosthetic control, robotics and secu-

rity.

One of the investigation areas that has always been considered by researchers is safety
related subjects where the main focus is on making the daily activities more secure, specially
in the environments that tend to involve in a greater than average number of accidents. Since
the human errors is one of the major causes of daily accidents, lately BCI researches have

considered human-safety as a fertile area to work on, in order to reduce the probability of
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human-made mistakes that may cause irreparable causalities.

A traffic collision, also known as motor vehicle collision (MVC), traffic accident or car
crash occurs when a vehicle collides with another vehicle, pedestrain, animal, road debris or
other stationary obstruction that may result in injury, death or property damage. A number
of non-human factors contribute to the risk of collision, including vehicle design, speed of
operation and road design. However, human-caused factors such as driver skill, impairment
due to alcohol or drugs, behavioral causes, the lack of concentration and drowsiness play a
significant role in road accidents (SAHAYADHAS; SUNDARAJ; MURUGAPPAN, 2012a).

Human factor in vehicle collision includes all factors related to human ability to control the
vehicle, such as visual and authority acuity, psychological behaviors, reaction speed and deci-
sion making ability. A report in 1985 relying on the British and American crush data showed
that the driver impairment contribute about 93% of vehicle crushes (LUM; REAGAN, 1995).
Driver impairment describes the factors that may prevent driving in a normal level of skills.

Common impairments include:

1. Alcohol: According to the government of Canada, coroner reports from 2008 reported

that almost 40% of fatally injured drivers had consumed some quantity of alcohol.

2. Physical Impairment: Including poor eyesight or other physical impairments that may

cause collision.

3. Drug use: Including some prescription drugs, over the counter drugs (notably antihista-

mines, opioids and muscarinic antagonists) and illegal drugs.

4. Distraction: Any external stimuli that can affect the driver’s attention, for example, con-
versation with passengers, operating the cellphone or distracting sounds are source of

distractions that can cause losing the normal driving state.

5. Drowsiness: Falling sleep suddenly as a result of sleep disorders(e.g. Narcolepsy) or
sleep deprivation can lead to losing the car control and putting the car passengers life at

risk.

6. Combination of factors: Several aforementioned causes can be combined and result in a

much worse situation.

The US National Highway Traffic Safety Administration (NHTSA), conservatively estima-
ted that a total of 100,000 vehicle crashes in each year are the direct result of driver drowsiness.

These crashes resulted in approximately 1550 deaths, 71000 injuries and 12.5 billion dollar in
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monetary losses (RAU, 2005). In 2009, the US National Sleep Foundation (NSF) reported that
54% of adult drivers have driven a vehicle while feeling drowsy, and 28% of them actually fell
asleep. The German Road Safety Council (DVR), claims that one in four highway traffic fata-
lities is due to the momentary driver drowsiness (HUSAR, 2012). These statistics suggest that

driver’s drowsiness is one of the main causes of road accidents.

A driver who falls asleep at the wheel, loses the control of the vehicle, an action which
often results in a crash with either another vehicle or stationary objects. In order to prevent
these devastating accidents, the state of drowsiness of the driver should be monitored. The

following measures have been widely used for monitoring drowsiness:

1. Vehicle-based measures: A number of metrics, including deviations from lane position,
movement of the steering wheel, pressure on the acceleration pedal, etc., are constantly
monitored and any change that crosses a specified threshold indicates a significantly in-
creased probability that the driver is drowsy (FORSMAN et al., 2013) , (LIU; HOSKING;
LENNE, 2009).

2. Behavioral measures: The behavior of the driver, including yawning, eye closure, eye
blinking, head pose, etc., is monitored through a camera and the driver is alerted if any of
these drowsiness symptoms are detected (FAN; YIN; SUN, 2009), (AKIN et al., 2008).

3. Biomeasures: The correlation between biological signals (electrocardiogram (ECG), elec-
tromyogram (EMG), electrooculogram (EoG) and electroencephalogram (EEG)) and dri-
ver drowsiness has been studied by many researchers (KOKONOZI et al., 2008), (KHUSHABA
etal., 2011), (YANG; LIN; BHATTACHARYA, 2010).

Other than these three, researchers have also used subjective measures, where drivers are
asked to rate their level of drowsiness either verbally or through a questionnaire. The intensity
of drowsiness is determined based on standard rating (KHUSHABA et al., 2011), (TREMAINE
et al., 2010).

Vehicles-based measures can function reliably only at particular environments and are too
dependent on the geometric characteristics of the road and to a lesser extent on the kinetic
characteristics of the vehicle (LEW et al., 2007). Furthermore, several studies showed that they
are poor predictors of performance error risk due to drowsiness (SIMONS et al., 2012), (DAS;
ZHOU; LEE, 2012) . Moreover, vehicular-based metrics are not specific to drowsiness. As an
example, standard deviation of lane position can also be caused by any type of impaired driving,

including driving under the influence of alcohol or other drugs (METS et al., 2011a).
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The drowsiness detection using behavioral measures have promissing results, although the
majority of researches are conducted in a controlled environments like simulations. Unfortuna-
tely, the positive detection rate is decreased significantly when the experiment was carried out
in a real environment (PHILIP et al., 2005a). Additionally, driver state cannot be correlated to

driving performance which is a major shortcoming of these measures.

Regarding the subjective measures, since the level of drowsiness is measured during long
periods of time (several minutes), sudden variations cannot be detected using this kind of me-
asures. Another limitation of using subjective ratings is that the self-introspection alerts the
driver, thereby reducing their drowsiness level (SAHAYADHAS; SUNDARAJ; MURUGAP-
PAN, 2012a).

The previously described measures become apparent only after the driver starts to sleep,
which is often too late to prevent an accident. Unlike the aformentioned measures, bio-signals
start to change in earlier stages of drowsiness. Hence, they are more adequate to detect drowsi-
ness by making it possible to alert a drowsy driver in a timely manner and thereby prevent many
road accidents. Various approaches have been selected to detect and prevent the accidents cau-
sed by drowsiness or distraction sources (KAPTEIN; THEEUWES; HORST, 1996) (KURT et
al., 2009), however emerging electroencephalogram (EEG) opened new research area in terms
of analyzing brain activity through different tasks, such as driving. Using EEG, it is possible to
investigate almost all the physical and behavioral activities. Accordingly, EEG processing can
be utilized to analyze individual’s central nervous system activity through a driving task and
evaluate the consciousness and attention level in order to predict and prevent the probable risky

situations.

Using EEG with several electrodes, has been proven that it is possible to detect and analyze
brain activity changes accurately, although the main lack of EEG equipments with many elec-
trodes is their intrusive nature. In order to make EEG equipments more applicable in day to
day life experiments, non-intrusive systems were introduced (YU, 2009) (BAEK et al., 2012).
The reliability and accuracy of driver drowsiness detection by using bio-signals is high compa-
red to other methods (SAHAYADHAS; SUNDARAJ; MURUGAPPAN, 2012b). However, the
intrusive nature of measuring bio-signals remains an issue to be addressed. This is specially
challenging because the less electrode, the less information related to brain neural activities is

obtained. Consequently, the detection accuracy may decrease significantly.

For preventing car accidents caused by sleepiness, the system should detect drowsiness
accuratly and rapidly. Thus, systems by which drowsiness is detected within long periods of

time does not seem to be effective in real world use, even though their detection rate is high. An
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ideal system also is expected to be non-intrusive and uses less electrodes. These factors imply
that drowsiness ought to be detected based on few numbers of EEG samples, which means
finding the best possible EEG features that carry enough information about neurons activities

during somnolence.

For recognizing drowsiness stage, EEG data must be classified. Regarding the fact that
microcontroller device would be used in real experiments (because it is not realistic to use
a computer in a limited environment like car), preferably the classification algorithm ought
to be fast and easily implementable. Unlinke most learning algorithms, case-based, also cal-
led instance-based approaches do not construct an abstract hypothesis but instead base clas-
sification of test instances on similarity to specific training cases (AHA; KIBLER; ALBERT,
1991). Instance-based approach postpone generalization until a new instance must be classi-
fied. Another characteristic of this approach is that rather than estimating the target function
for the entire instance space, the target function is estimated locally and differently for each
new instance. In instance-based method, the training is typically simple and fast. Also, it has
the ability to learn complex target functions and not to lose information. However, the perfor-
mance is reduced in high dimensional case, due to the curse of dimensionality (AGGARWAL,
2014). While the aformentioned characteristics of instance-based method make it an appro-
priate candidate to be engaged in drowsiness detection task, at the same time, the decline in
performance in high demensional feature spaces makes it questionable whether it is possible to
reduce drowsiness EEG features to a number of features so that an instance-based method can

perform well.

Several studies have found evidences that neural oscillations and EEG sub-bands’ activities
have specific patterns during drowsiness and wakefulness (CANTERO et al., 1999), (CAN-
TERO; ATIENZA; SALAS, 2002). Foong et al. reported a higher Alpha and Theta band
power, specially in the frontal, central, parietal and occipital areas, during drowsiness (FOONG
et al., 2015). Based on these evidences, since the power of EEG sub-bands and other charac-
teristics of EEG activity of drowsiness differ from alertness then, each of these consciousness
stages occupies a specific area in feature space. Regarding the fact that k-nearest neighbors,
as an instance-based method, approach tends to partition the feature space into sub-spaces and
then classifies each point based on its nearest neighbors, therefore, we assume that when the
dimensionality isn’t high, K-NN along with kd-trees —as an efficient search algorithm for pro-
blems with moderate number of dimensions (SKIENA, 1998) —has the ability to classify EEG

patterns of drowsiness, rapidly and accurately.
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1.1 Summary

In this capter, we introduced the state of problem and justified the general purpose of the
current work. The organization of this document is as follows: Section 2, expatiates neural
signal processing and EEG classification techniques. Section 3, reviews the related works in
BCI, and then those researches in which sleep detection using EEG techniques were considered
as the main idea. In section 4, we will talk about the classification algorithms and the way
they may classify the EEG dynamics. The proposed method for detecting and classifying low
consciousness level is discussed in Section 5. The last section is allocated to describe the

experimental results.



Chapter 2

THEORETICAL BASIS

In this chapter, we will go through a number of techniques of EEG signal analysis that helps

understanding how to analyse neural time-series data.

2.1 What is Cognitive Electrophysiology?

Cognitive electropsychology is the study of how cognitive functions including memory,
perception, language, social cognition, behavioral monitoring and emotions are generated by

electrical activity produced through the population of neurons.

Cognitive electropsychology is a field of a vast and fundamentally different scientific area
due to its multi-aspect essence. On one end, medical-oriented researches try to analyze cognitive
signals, understanding the physiological-related issues. For these scientists, electropsychology
is useful because it is much more precise than behavioral measures or self-reports. In these fields
of research, understanding neural mechanism is relevant, but ultimately the goal of research
is to dissect and understand the cognitive components of physical rather than psychological

properties of brain (COHEN, 2014).

On the other end, psychologists are passionate about reading the electropsychological data,
being able to find the relation between behavioral activities and brain’s neural activities. For
these group of researchers, analyzing the data provided by electropsychology can help them to

relate the external human behavior with brain neural interactions.

Engineers hold the other end of this conceptual triangle (HASSANIEN; AR, 2015). They
are interested in electropsychology in order to developing the Brain-Computer tools and unders-
tanding the neural patterns respected to psychological or physical activities. For these scientists,

electropsychology is useful, because it provides a precise data of neural population activity and
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using these precise data, they can link human nerobiological or neuropsychological process
to computational models. Here, analyzing the sophisticated data and interpretating neropsy-
chological signals are crucial. At this spectrum, electrical and computer engineers have their
own distinct way to analyze and extract the data they need, in order to develop their favorite
tools. Electrical engineers mostly tend to use signal processing techniques along with various
digital tools to extract the favorite features from signals. Unlike the previous group, computer
engineers incline to use basic signal processing techniques and then using machine learning al-
gorithms, with the purpose of relating extracted features from neural interactions to the external
psychological or biological phenomenons, and then using the results to develop Brain Computer

Interface (BCI) applications.

Every researcher who works in BCI related studies, may find himself somewhere between
two extremes(Figure 2.1) and it is useful for him to think where to place himself because it will
help knowing how much time should be devoted to reading cognitive psychology papers versus

neuroscience papers, and what kind of analysis should be performed on data.

Cognitive Electrophysiology

(Psychology) (Neuroscience)

Figure 2.1: Cognitive electrophysiology is a field defined by a spectrum from cognitive to elec-
trophysiology. As soon as a researcher Knows where the working area is on this spectrum, this will
guide his experiments, hypotheses, data analysis, target journals and conferences. (COHEN, 2014)

2.2 Diving into EEG

The brain activity provides several types of signals including magnetic, metabolic and elec-
trical. Magnetic fields can be recorded with MagnetoEncephaloGraphy (MEG); brain metabolic
activity related to blood flow can be captured with Positron Emission Tomography (PET) or
functional Magnetic Resonance Imaging (fMRI); electrical signals can be acquired through
Electro-Encephalography (EEG) (MAKEIG et al., 2012). EEG was first recorded by German
psychiatrist Hans Berger (BERGER, 1929) through the use of several electrodes attached to the
human skull. EEG is regarded to be the fastest and less expensive way to capture the brain sig-
nals and the advances in bio-sensor technologies for EEG have opened up brainwave research

and application development at an unprecedented level in recent years.

Technically speaking, the brain has several distinct areas and landmarks such as Nasion,

Inion and pre-auricular points. Electrodes should be positioned on the target points of interest
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in order to capture the areas activities. If they are on the scalp, one can get the EEG measu-
res; if they are on the surface of the brain, it is possible to get the ECoG measures (from the
cortical surface with higher spatial resolution than EEG and less susceptible to ambient noise).
An international system called 10-20 (see 2.2) was created in order to provide a naming and
positioning scheme for EEG applications. Originally, the 10-20 system had only 19 electrodes

which were later increased to more than 70. This number can be raised up to 210 electrodes.

Nasion 10%
-

Preauricular
point

Figure 2.2: A diagrammatic representation of 10-20 electrodes settings for 75 electrodes including
the reference electrodes: (a) and (b) represent the tree-dimensional measures, and (c) indicates a
two-dimensional view of the electrode setup configuration(COHEN, 2014)

For each EEG recording, it is mandatory to choose a reference electrode which should
ideally, be affected by global voltage changes in the same manner as all the other electrodes.
This reference electrode allows canceling out brain unspecific activity (e.g. slow voltage shifts

due to sweating). Usually, a reference can be the ear-lobes, the nose, or the mastoids (i.e. the
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bone behind the ears). It is also possible to compute the average reference when the system has

multi-channels.

2.2.1 Event Related Potential

An Event-Related Potential (ERP) is any stereotyped electrophysiological response to an
internal or external stimulus. In simple terms, it is any measured brain response that is the direct
result of a thought process or perception. This stimulus can be a specific sensory, cognitive or
motor event (LUCK, 2014). The Event Related Potential signals can be negative (e.g. N100,
N400) or positive (e.g. P300), and they are named based on the exact time in which they

appeared after an internal or external stimuli.

ERPs are measured by EEG signals and it has been found that an event related potential
across the parieto-central area of the skull is usually captured around 300ms after the target
stimulus, and it is called P300. In other words, P300 is a positive deflection in human event
related potential (PICTON, 1992). The P300 potential is characterized by a positive deflection
in the EEG amplitude at latency of approximately 300ms after the target stimulus is presented
within a random sequence of non-target stimuli. Elicitation time and amplitude are correlated

to user’s fatigue and to saliency of stimulus (color, contrast, brightness, etc.).

This potential is always presented as long as the user is attending to the process, and its
variability among users is relatively low. Also the amplitude of ERP can be different for distinct
subjects based on their psychological or physical state. For instance, P300 shows different
aplitude for alcoholic and controlled subjects (Figure 2.3 ) (CHELLA, 2012).
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Figure 2.3: A) The grand-averaged ERP waveforms for Loss 50 and Gain 50 conditions; B) Theta
bands during Loss 50 at FZ electrode and Gain 50 at CZ electrode are shown. Alcoholics showed
decreased amplitude in theta (37 Hz) band more anteriorly (frontal) for the loss condition and more
posteriorly (centro-parietal) for the gain condition. C) Topographic maps of theta (3-7 Hz) power
in control and alcoholic groups illustrating that the loss condition had an anterior topography
and the gain condition had a posterior topography. Decreased theta band power in alcoholics in
both conditions is illustrated; D) Time-frequency (TF) plots during the loss condition at the Fz
electrode in the alcoholic and control groups; and E) TF plots during the gain condition at the Cz
electrode. The square box inside TF plots marks the time-frequency region of interest, namely the
time interval of 200-500 ms across the theta frequency range 3-7 Hz for analysis. (CHELLA, 2012)

ERPs are typically quite small (1-30 pv) relative to the background EEG activity. As a
result in order to obtain ERP, an averaging filter should operate on EEG signals for several
times during different trials, although this can be a disadvantage for ERP due to losing the

time-locked activity during the averaging process.

2.2.2 Image Motory

Motor imagery (MI) is a dynamic state during which an action is mentally simulated without
any body movement. This technique is a multi-sensorial experience as images can include
visual, auditory, tactile and kinesthetic components (GUILLOT; NADROWSKA; COLLET,
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2009). Motor imagery has been engaged vastly in BCI especially for sport training or improving
the performance of the unhealthy individuals for controlling wheelchair and so on. During the
MI process the individual imagines a movement such as moving right hand or left hand (Figure
2.4) in the various directions and the EEG signals of MI are gathered to be applied over BCI. MI
is efficient to continuous control commands such as left turn, right turn and stop. Especially for
dynamic environments MI-Based BCI has the characteristics of fast feedback and high accuracy

(CHOU et al., 2014).
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Figure 2.4: Information in EEG about the direction of hand movement and imagined vowels. A)
EEG in different frequency bands at one location in the contralateral hand area of motor cortex
from one subject differentiates left and right movement directions. B) Color-coded shading of ave-
rage data from five subjects illustrates the information about hand movement direction provided
by EEG recorded over different cortical areas. C) Colored-coded shading of average data from six
subjects illustrates the information over production of different vowels provided by EEG recorded
over different cortical areas. (LEUTHARDT et al., 2004)

2.2.3 EEG Processing Techniques

When EEG raw signal is gathered through various electrodes, the so called data have to be
processed. The default EEG data are based on the changes through amplitude of oscillation of
each electrode during the time. Using the raw data, it is possible to calculate the voltage using

the coefficients, respecting to the device that was used to record EEG signals.

It is worth mentioning that, oscillations are defined by tree information: frequency, power
and phase. Frequency, is the speed of oscillation and its unit is Hertz (Hz), which refers to
the number of cycles per second in radian-base space. The more cycles a signal can round per
second, the faster it is. Moreover, when we are talking about the power of signal, actually,
we are talking about the amount of energy which is the squared amplitude of the oscillations.
Phase, on the other hand, means, where the signal stands in the current moment along the sin

wave (See figure 2.5).

For EEG raw data the time-domain is accessible by default. By utilizing Fourier transform,
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it is possible to obtain the frequency-domain, which is another powerful mathematical tool for

analyzing data.
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Figure 2.5: The tree dimensions that show frequency, power and phase (COHEN, 2014)

2.2.4 Time-Domain

As it was mentioned, the raw EEG data lives in time-domain, where the changes of ampli-
tude during the time is observable. Amplitude is convertible to volt (typically microvolt) which

is the measurement of EEG signals(Figure 2.6).
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Figure 2.6: Raw EEG data showing oscillation at different speeds and for different lengths of time.
Each line corresponds to a specific electrode (SALABUN, 2014)

There are studies in which the main focus is on time-domain, although the values in this

domain can be difficult to interpret due to the following reasons :

1. Time-domain values may differ depending on data processing and analysis decision.
2. Temporal and spatial filters will change the microvolt values.

3. The results are shown in time-domain are too complicated, not beautiful in analysis as-

pect.

4. When signal is observed in time-domain, values are not periodic. It means it is not possi-

ble to sample data, analyze and generalize the results for the future upcoming data.
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All the given reasons can lead us to get attracted by something more elegant and easier to un-
derstand: the so-called frequency-domain, where the clear results can offer a better environment

to analyze the data and understand the mysteries behind EEG signals.

2.2.5 Frequency-Domain and Fourier Transform

Frequency, means how fast a wave round in radian space. When signals are observed in
frequency-domain, changes in phase or amplitude are measurable. Frequency-domain provides
a better representation of signal. In order to move from time-domain to frequency-domain, a
powerful mathematical tool called Fourier Transform, is utilized. The goal of Fourier analysis
is to express signal in terms of basic sinusoidal components, sine and cosines. By doing so, the
hidden signal properties is accessible. This helps have a better understanding about the signal
(LYONS, 2010). For converting time-domain to frequency-domain, there are tree major types

of Fourier transform as follow :

1. Discrete Fourier Transform (DFT), which maps length-N signals into a set of N discrete

frequency components.

2. Discrete Fourier Series (DFS), which maps N periodic sequence into a set of N discrete

frequency components.

3. Discrete-Time Fourier Transform (DTFT), which maps infinite sequences into a space of

2 m-periodic function of real-valued argument.

By sampling EEG data, we can use DFT for moving to frequency-domain. It is possible
to use another algorithm to calculate Fourier transform of a finite-length signal called,
Fast Fourier Transform (FFT), in order to have an algorithm with better performance.

Nevertheless, nowadays computers can use DFT without any problem.

2.2.6 Ways to view Time-Frequency Results

We can imagine time-frequency results as a 3-D cube in which the dimensions are begin
time, frequency and space. Then if we want a 2-D view, we can slice this cube from different

dimensions as follow:

1. Frequency slice (Figure 2.5A): In this case an specific frequency band is selected and the

activities over time (power) is plotted.
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2. Time slice (Figure 2.5B): What this slice carry out is to show power as a function of

frequency during a period of time.

3. Space slice(Figure 2.5C): Space slice shows data on one time-frequency point over elec-

trodes in a topographical plot.

4. Time-Frequency slice(Figure 2.5D): In time-frequency slice, time is on x-axis and fre-

quency is shown on y-axis. The colors of plot shows various features of signal as though
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Figure 2.7: The data cube containing information over time, frequency and space. Since it is
difficult to view a 3-D cube, it is sliced in four points of view. (COHEN, 2014)

2.2.7 Brain Frequency Bands

EEG data contains rhythmic activity that reflects neural oscillation. Even in raw EEG data,
this rhythmic activity is observable. The oscillations can be fast, slow or transient. They can also
be changed through the task events. Brain wave frequency bands include delta(2-4 Hz), theta(4-
8 Hz), alpha(8-12 Hz), beta(15-30 Hz), lower gamma(30-80 Hz) and upper gamma(80-150
Hz), however, there is no specific boundary defining these bands. As you might see, theta may
refer to 3-9 Hz, or 3-7 Hz or even 4-7 Hz. Furthermore, individual differences can impact the

aforementioned boundaries. These frequency bands are obtained after changing time-domain to
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frequency-domain with the purpose of using signal filtering techniques to separate each band.
Analyzing the changes in frequency bands, is a way to detect different brain states, like detecting

various stages of sleep.

2.3 Sleep EEG

Sleep is the state of natural rest, which is observable in both humans and animals. It is
also, an interesting but not perfectly known psychological phenomenon. From physical view,
sleep is characterized by reduction in body movement, and decreased reaction for internal or
external stimuli. However all these characteristics are same in unconsciousness state, but they
are technically different (STERIADE, 1992). Sleep is a stage of unconsciousness by which, a
person can be aroused (e.g. sleepwalking and sexual arouse). In this stage the brain is more
responsive for the internal stimuli than external one. Therefore, sleep is distinguishable from all

the other types of deep unconsciousness like coma in which the individual cannot be aroused.

Sleep is necessary for brain to be healthy. Sleep deprivation leads to have lack of concen-
tration. It also causes developing a major decease in memory-related and calculation tasks. The
release of growth hormone in both adults and children takes place during the sleep time. More-
over the body cells show increased production and reduced breakdown during sleep. Therefore,
sleep helps maintaining optimal social and emotional functionality in human being, however,
when it doesn’t takes place in right time and right place, it may cause some problems in form

of sleep diseases and unpleasant accidents during day to day life.

2.3.1 Sleep Stages

There are two distinct states that alternate in cycles and reflect differing levels of neuronal
activity. Each state is characterized by a different type of EEG activity. Sleep consists of
non-rapid eye movement (NREM) and REM sleep (gUgMAKOVA, 2004). NREM is further
subdivided into four stages of I (drowsiness), II (light sleep), III (deep sleep), and IV (very deep
sleep).

During the night, NREM and REM stages of sleep alternate. Stages I, II, III, and IV are
followed by REM sleep. A complete sleep cycle, from the beginning of stage I to the end of
REM sleep, usually takes about one and a half hours. However, generally, the ensuing sleep is

relatively short and, for most practical purposes, a duration of 10-30 minutes suffices.

Stages I is where drowsiness happens, and it is considered as a transition stage from cons-
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ciousness to unconsciousness stage when the muscles begin to relax. This stage accounts for
5-10% of sleep time. An individual can be easily awaken in this sleep stage. The slow activity
increases as drowsiness get deeper. The findings show that in light drowsiness, the P300 incre-
ases in latency and decreases in amplitude (KOSHINO et al., 1993). Also the interhemispheric
and intrahemispheric EEG coherence alter (WADA et al., 1996). Figure 3.1 shows the EEG

record during drowsiness.

Stage II of sleep occurs throughout the sleep period and represents 40-50% of the total
sleep time. During stage II, brain waves slow down with occasional bursts of rapid waves. Eye
movement stops during this stage. Slow frequencies ranging from 0.7 to 4 cycles/s are usually
predominant; their voltage is high, with a very prominent occipital peak in small children and
gradually fall as age increases (ACHERMANN, 2009).

In stage III, delta waves begin to appear. They are interspersed with smaller, faster waves.
Sleep spindles are still present at approximately 12-14 cycles/s but gradually disappear as the
sleep becomes deeper. In stage IV, delta waves are the primary waves recorded from the brain.
Delta or slow wave sleep (SWS) usually is not seen during routine EEG (MARTIN; MARZEC,
2003). Stages III and IV are often distinguished from each other only by the percentage of delta

activity.

REM sleep includes 20-25% of the total sleep, follows NREM sleep and occurs 45 times
during a normal 8-9 hours sleep period (SIEGEL, 2001). The EEG recorded during REM sleep
is similar to one recorded during wakefulness. Evaluation of REM sleep involves a long waiting
period since the first phase of REM does not appear before 60-90 minutes after the start of sleep.
The EEG in the REM stage shows low voltage activity with a slower rate of alpha.

In general, frequencies from 1 Hz to 16 Hz increase when approaching sleep, while fre-
quencies 17 Hz and higher decrease. This pattern continues after the onset of sleep, except
that power in the 8-11 Hz range begins to increase as well. The change in the 8-11 Hz signal
is especially noticeable in the occipital region where the signal diminishes and transitions to
the frontal lobe. Also in Stage I (that is very important for detecting drowsiness) of sleep the
amplitude of raw EEG signal is low and the signal power in higher frequencies attenuate (HAL
et al., 2014).

2.4 EEG Equipments and Research Costs

At first glimpse, it may seem that EEG research doesn’t cost a lot but this idea comes from

not understanding the problem scope that the researcher is going to work with. Buying EEG
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equipments considering EEG caps in various sizes to be used for different head sizes, electrodes
and the other accessories can cost US$ 5000. New amplifiers are expensive too. For university
researches buying the license is also mandatory and the license can coast at least US$ 1200 ,
depending on the EEG cap or headset company. By adding powerful computer, eye tracker and

electrode localization equipment, a BCI research can cost over US$ 15000.

The main problem with EEG and BClI research is that, the more the equipments are precise,
the more research becomes difficult to be implemented in the real life problems. For example,
detecting drowsiness while driving, is hardly possible to be done in a real car using a cap with
128 electrodes, and some computers connected to those electrodes. Another example is using
EEG to control a wheelchair, that can be overwhelming due to the use of too many wires, several

computers and other equipments.

Sometimes the EEG equipments need to be configured and installed by an expert that adds
the configuration and installation cost to the aforesaid equipment expenditure. Furthermore,
there is a main question that may come to mind : How can we apply the results of researches
using huge laboratory equipments, in the real life? It is clear-cut that, we can’t ask the user to

wear an elaborate EEG hat in daily life.

The fact that, elaborate EEG equipments are expensive, not easily configurable and not
possible to be applied in the daily life, imposes this idea of using some equipments that, despite
the less precise data, they are useful enough to be applied in data analysis and development of
BCI applications. This is what leads the researchers to use a new generation of EEG device
called single electrode equipment. Single electrode EEG equipment, comes with lots of defects
which may not be acceptable in advanced research fields, but instead, it totally fits the idea
of having not very accurate, but, good enough data for our needs. These devices are easily
configurable, portable and handy. In the past these devices were not taken seriously, but lately
the number of investigations that use single electrode recording as their main EEG data source,
has been increased. (KATONA et al., 2014).

2.5 Summary

In this chapter, we took a look at the theorical basis of brain computer interface. Various
methods of analyzing EEG signals were reviewed. Afterwards an introduction about sleep EEG
and signals and sleep stages was presented and in the end, we had a look on EEG equipment
and research cost, and we concluded that it seems necessary to use low-cost single electrode

EEG equipments because not only they are cheaper, they are more user-friendly as well . For
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recognizing EEG signals related to wakefulness and drowsiness, the EEG signals should be
classified. To this end, in the next section several well-known classification and feature selection

approachs will be described.



Chapter 3

CLASSIFICATION AND FEATURE SELECTION

In this chapter the classification and feature selection algorithms that have been studied in

the current research will be explained.

In general, when we talk about classification problems, we tend to go through a decision
making process for future coming data in terms of putting them in predefined and distinguisha-
ble classes, based on already labeled data called training set. Regarding the drowsiness detec-
tion problem, some researchers have been interested in using machine learning algorithms for
drowsiness detection and several classification methods have been used such as support vector
machine (SVM) and artificial neural networks (ANN). This study, besides surveying the ability
of instance-based learning method for drowsiness detection, aims at comparing the classifica-
tion results obtained by other well-known algorithms with the one obtained by instance-based
approach. Hence, in this chapter, in addition to instance-based learning method, five common

classification algorithms and two feature selection methods are explained.

3.1 Support vector machine (SVM)

Support Vector Machine (SVM) (WESTON; WATKINS, 1998) is a promising method to
classify both linear and non-linear datasets. It uses a non-linear mapping in order to trans-
form the data into a higher dimension. The idea is to find the maximum marginal hyperplanes
(MMH) or widest street (SOMAN; LOGANATHAN; AJAY, 2009) between separable areas
among infinite number of separating lines in order to minimizing the classification error. The
area between two separating lines is called plane and the term hyperplane is used to refer to
the decision boundary that we are looking for (HAN; PEI; KAMBER, 2011). The separating
hyperplane can be written as W.X + b = 0 where W 1s weight vector, X is training tuple and b
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is the offset parameter.
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Figure 3.1: SVM finds the widest hyperplane. Support vectors are shown with a red border (XU
et al., 2009)

Considering b as an additional weight, the points that are above and under the separating

plane satisfy

yi(wo +wixy +woxp) > 1,Vi. (3.1)

where y; is +1 if the point is above the hyperplane and -1 when it falls under the hyperplane.

Using Lagrangian formulation the MMH is written as a decision boundary.

/
dX") =Y yioXX" + by (3.2)
i=1

where X; is support vector, X7 is the test tuple and y; is the class label of i’ support vector.

Given the test tuple X, the output tells in which part of the plane the test instance falls. If
the result is a black point, then it falls on the top of plane and belongs to the black class and
in case of being a white, it falls under hyperplane and belongs to white class. When instances
aren’t linearly separable, SVM transforms data to a new dimension in which instances related to

each class will be separable linearly. Rather than the size of data, the complexity of the learned
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class is characterized by support vectors. Hence, SVM is less prone to over-fitting problem
(HAN; PEI; KAMBER, 2011).

SVM has been used for drowsiness classification in several studies (ABOALAYON; OC-
BAGABIR; FAEZIPOUR, 2014), (YEO et al., 2009). In spite of the fact that SVM is one of
the most powerful classification techniques and it was successfully applied to many real world
problems (LECUN et al., 1995), it has some limitations. Perhaps the biggest problem of support
vector approach is choosing the best kernel function for the given problem (WANG, 2005). The
second drawback of SVM is the speed in both training and test phases (WANG, 2005). Burges
et al. conducted a research to improve the accuracy and speed of support vector machine and
they achieved a factor of fifty speedup in test phase (BURGES; SCHLKOPE, 1997). However,
the training speed is still an unsolved problem (WANG, 2005).

3.2 Naive Bayes

The Naive Bayes (JIAWEI; KAMBER, 2001) is based on the Bayesian theorem and is
particularly suited when the dimensionality of the inputs is high. Naive Bayes can handle an
arbitrary number of independent variables whether continuous or categorical. Given a set of
variables, X = {x1,x,x3,...,x7}, we want to construct the posterior probability for the event
C; among a set of possible outcomes C; = {c1,¢2,¢3,...,¢4}. In a more familiar way, X is the
predictors and C is the set of categorical levels present in the dependent variable. Using Bayes’
rule:

P(Cj ‘.XI,XZ,X:;, ..... ,xd) = P(xl,X2,X3, ..... ,Xn ‘ Cj) X P(C]’) (3.3)

where P(Cj|x1,x2,x3,...,X4) is the posterior probability of class membership (i.e., the pro-
bability that X belongs to C;). Since Naive Bayes assumes that the conditional probabilities of
the independent variables are statistically independent we can decompose the likelihood to a
product of terms:

P(X|C)) =
k

P(X|C)) (3.4)

d
=1

and rewrite the posterior as:

d
P(Cj|X) = H (X | C)) (3.5)

Using the above Bayes’ rule, we label a new case X with a class level C; that achieves the

highest posterior probability.
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Although the assumption that the predictor (independent) variables are independent is not
always accurate, it does simplify the classification task dramatically, because it allows the class
conditional densities P(X;|C;) to be calculated separately for each variable, i.e., it reduces a
multidimensional task to a number of one-dimensional ones. As a matter of fact, Naive Bayes
reduces a high-dimensional density estimation task to a one-dimensional kernel density estima-
tion. Naive Bayes is simple, easy to implement, robust to noisy data and isn’t very sensitive to

over-fitting problems due to its probabilistic nature.

3.3 Decision tree

A decision tree (QUINLAN, 1987) is a flowchart like tree structure where each nonleaf
node denotes a test on an attribute and each branch represents a result of a test. Each terminal
node holds a class label. The topmost node is the root node. Given a tuple, T, for which the
class is unknown, the attribute values of tuple are tested against the decision tree. The path is
followed from node to leafs where the class prediction for tuple is held. A decision tree works
on two different kind of attributes namely numerical and non-numerical. In case of numeric
attributes, decision trees can be geometrically interpreted as a collection of hyperplanes, each

orthogonal to one of the axes.

Iterative Dichotomiser 3 (ID3) (QUINLAN, 1986) is an algorithm used to generate a de-
cision tree from a dataset. The main choice in ID3 is selecting which attribute to test at each
node in the tree. The idea is to select the attribute that is most useful for classifying instances.
It defines a statistical property called Information gain that measures how well a given attribute
separates the training examples according to their target class. In order to define the informa-
tion gain, it uses a measure of information theory called Entropy. ID3 uses this information

gain measure to select among the candidate attributes at each step while growing the tree.

In general, for constructing a decision tree no knowledge about domain or no parameter
setting is required. Therefore, it is appropriate for exploratory knowledge discovery (HAN; PEI;
KAMBER, 2011). Decision tree can handle high dimensional data. Also, since it represents
the data in tree-like construction, it is appropriate to be assimilated by humans. In general, not
only the learning and classification steps of decision tree induction are simple and fast, also it
has good accuracy. Nevertheless, overfitting is a significant practical difficulty for decision tree

models.
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3.4 Logistic regression

The general form of regression, called generalized linear regression (YAN, 2009), assumes
that the data points are coming from a distribution that has a mean that comes from a monotonic
nonlinear transformation of a linear function of the predictors. If we can call this transformation

g, the equation can be written as:
y=gla+Bx*x)+¢ (3.6)

where « is a constant, sometimes also denoted as by, 3 is a vector of the same size as our input

variable x and where the error term is €.

Although the linear regression model is simple and used frequently its not adequate for
some purposes. For example, imagine the response variable Y to be a probability that takes on
values between 0 and 1. A linear model has no bounds on what values the response variable
can take, and hence Y can take on arbitrary large or small values. However, it is desirable to
bound the response to values between 0 and 1. Also, for linear regression it is hard to describe a
dichotomy outcome with two parallel lines (see Figure 3.2). For this we would need something

more powerful than linear regression.
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Figure 3.2: Relationship of a dichotomous outcome variable with a continuous predictor (PENG;
LEE; INGERSOLL, 2002)

Logistic regression (WALKER; DUNCAN, 1967) solves these kinds of problems using
logit transformation —natural logarithm of odds ratio —to the dependent variable, where odds

are ratios of probability of Y happening. The logistic model can be describe as:
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et Bx
14 +Bx
e0+Px
1 - ( 1+ea+ﬁx)

logit(Y) = In(odds) = In (3.7)

where « is the Y intercept and f is the regression coefficient.

Logistic regression is intrinsically simple, it has low variance and so is less prone to over-
fitting. It is also fast and reliable when the dimension gets large (TU, 1996). Another advantage

is that it is easy to inspect.

3.5 Instance-based learning

Instance-based learning (STANFILL; WALTZ, 1986), (ATKESON, 1989) and (MARON;
MOORE, 1993) is an approach including several algorithms that explicitly remembers all the
data that they recieve. They usually have no training time and the computation is performed at
prediction time. This is what seperate this approach from other conventional machine learning
methods where training step occurs between data reception and prediction phases. During the
classification process, this group of methods takes a query point and perform a search on the
database to locate the similar datapoints. Then, it creates a local model such as local average
or local regression so as to predict the output value. There are three main reasons that cause
instance-based approach be prefered over other methods (DENG; MOORE, 1995). These rea-
sons are: a) flexible inductive bias; b) learning parameters does not need to be fixed in advance;

¢) instance-based can cover the global local spectrum.

3.5.1 Flexible inductive bias

When the size of instances is little, an algorithm like K-nearest neighbors yields unreliable
prediction, however, as the size of dataset is increased, so the complexity of function that nearest
neighbor can approximate. This is a characteristic with which the approximation power is
increased locally acording to amount of data, that is not observable, for example, by default in

multi-layer neural network.

3.5.2 Learning parameters does not need to be fixed in advance

There are several learning parameters to be configured in instance-based learning. One

of the most important parameters is concerned with trading smoothing of noise against fitness
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suitability. Other parameters include a distance metric (to determine the similarity between
existing datapoints in dataset and a query instance), decision of relevant attributes, decision
about neighbors range and the importance of datapoints based on their approximity to a query
point. Although all of these parameters are configurable, instance-based methods do not need
to decide on them in advance. Hence, they can decide to use a desired default parameter for
one prediction and another different set of parameters for other one. This can be a very useful
feature in autonomous system where it can predict online and at the same time tune the learning
parameters for new coming data (MOORE; HILL; JOHNSON, 1992). In contrast, for non-
instance-based approaches, setting parameters in order to train is necessary. In case of any need

to change one or more parameters, the training phase must be repeated.

3.5.3 Instance-based can cover the global local spectrum

For instance-based methods, it is not necessary to use all the datapoints in feature space to
form a prediction (MOORE; HILL; JOHNSON, 1992). This is specially crucial for noisy sys-
tems where the underlying function is non-linear but generally smooth. In this case, instance-
based methods may use a percentage of nearest datapoints to the query point to form its predic-

tion.

These characteristics make this approach desireable. K-nearest neighbors classification
algorithm 1is a classical example of instance-based method, in which the k nearest neighbors
of a classifier are used in order to create a local model for the test instance. This algorithm
has been successfully applied to many classification problem (EBRAHIMPOUR; KOUZANI,
2007), (SHI et al., 2011), (DEOLE; LONGADGE, 2014). In the following, this algorithm is

described.

3.5.4 K-nearest neighbors (K-NN)

K-nearest neighbors, also known as proximity search, similarity search or closest point se-
arch, is the most basic instance-based learning algorithm which can be used for both continuous
and discrete values. It assumes that all the instances correspond to a point in the n-dimensional
feature space. This algorithm also considers that if two instances are near to each other, then,
they belong to a same class. For example, if x is an arbitrary instance defined by feature vector

as below:

< aj(x),az(x),a3z(x),.....,a,(x) > (3.8)



3.5 Instance-based learning 40

where a,(x) indicates the value of rth attribute of x. Therefore the distance is calculated by d(xi,

Xj) where:

d(xi,xj) = \/il(ar(xz') —ar(x;))? (3.9)

Giving labeled training dataset and the above formula, it partitions the feature space to
polygonal-like sections where each polygon contains all the nearest neighbors to a specific

point in feature space.

This algorithm can be refined by giving a weight coefficient based on the distance of each
points to the new instance. Dudani (DUDANI, 1976), first introduced a weighted voting method
for KNN, called the distance-weighted k-nearest neighbor rule (WKNN). In WKNN, the closer
neighbors are weighted more heavily than the farther ones, using the distance-weighted func-
tion. Consequently a neighbor with smaller distance is weighted more heavily than one with

greater.

The K-nearest neighbor algorithm is easily adapted to approximating continuous-valued
target functions. To accomplish this, there is an approach that considers the mean value of the

k nearest training examples rather than calculate their most common value.

In comparison with some classifiers like Support Vector Machine (SVM) and Neural Network
(NN), K-nearest neighbors is simple and easy to implement. Therefore this classifier has been
considered interesting for some researchers who wanted to classify EEG data. Le. et. al. (LI
et al., 2012) used EEG signals to find the study effectiveness in students. They applied Naive
Bayes and K-nearest neighbors to the features extracted from EEG data to find out a combi-
nation, which may mostly contribute to reflect learner’s affect, for example, Attention. They
intended to find a relationship between emotional state and characteristic of brain activity. Du-
ring this investigation they reached the classification rate of 57% using KNN (K=5). They
mentioned that attaining to 57% of correctly classified instances was a good result since they
could find a correlation between emotional state and brain activity while studying. (LI et al.,
2012)

K-NN is a type of instance-based learning algorithm where the function is only locally
approximated. As it was explained, it is the simplest classification algorithm when there is
little or no knowledge about the distribution of data (DEVROYE, 1981). Unlike ANN and
SVM, K-NN has a very fast training, although, its main drawback is running slowly when the
size or dimension of dataset is large. This is because all computation is deferred until classi-
fication which is referred as laziness problem (BHATIA et al., 2010). This algorithm usually

searches under a brute-force approach which compares the query point to each data point in
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feature space (INDYK; MOTWANI, 1998). Since lots of the real world problems posed with
moderate (up to the 10) or large dimensionality (more than 10), it is beyond the capability of
such search to be efficient. To tackle the aforementioned problem and having a fast nearest
neighbors classifier, several methods such as effective search approaches (PREPARATA; SHA-
MOS, 1985), (FRIEDMAN; BENTLEY; FINKEL, 1977a) and approximate nearest neighbors
(INDYK; MOTWANI, 1998) have been proposed.

3.6 Kd-Tree

The nearest neighbors searching is the following: given a set S of n data points in the feature
space, X, the task is to process these data points, so that given any query point geX?, the K
nearest points {s1,s2, ..., 5 } €S to ¢ be reported as quick as possible. Various studies mentioned
that finding nearest neighbors in high-dimensional or large datasets using brute-force search is
inefficient (ARYA et al., 1998), INDYK; MOTWANI, 1998), thus, several methods proposed
to alleviate the search problem of K-NN (LIU et al., 2004).

The Kd-tree algorithm in both its original (BURKHARD; KELLER, 1973) and optimized
(FRIEDMAN; BENTLEY; FINKEL, 1977b) forms is a data structure that provides an efficient
way for examining just the nearest points to any query point rather than searching the whole
feature space, and as a result reducing the search time for finding the best match. In fact it
is a binary tree that uses a hierarchical data structure and decomposes the feature space into
relatively small cells by using a plane through different dimensions. The root node of the tree
represents the whole dataset which is available as a global array, and the terminal nodes are
small subsets that form a partition of space. The terminal subsets of records are called buckets.
If the node under investigation is terminal, then all the records in the bucket are examined. Each
node in the tree is defined by a plane through one dimension that partitions the point sets into
left and right sets. At each node, the partition not only devides the current subfile, but it also
defines an upper and lower boundaries on the value of the discriminator key for each record in
the two new subsets. Each subset then is split evenly by plane through different dimensions and
this procedure is done recursively. Partitioning stops after logn levels, with each point in its
own leaf cell. If the search is done in a one-dimensional space, then a record is defined as a key
and the plane (or partitioner) is defined by some values of that key. All the recordes with values
less than the plan value is considered as left branch and those one with values larger than plan
are known as the right branch. In case of K-dimensional searching, a record is represented by
K keys. Any of these keys can play a discriminator for partitioning a subset under a particular

node.
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The search algorithm is described as a recursive procedure . When kd-trees is used as
K-NN search algorithm, it constructs a binary tree structure based on training data and then,
navigates down the tree to the region that probably contains nearest neighbors (see Fig. 3.3).
Since finding 1 nearest neighbor in a balanced Kd tree with randomly distributed points takes
O(logn) time on average, it is fairly fast, however, its query time grows exponentially when the
dimensionality is increased (SPROULL, 1991), yet by choosing the most informative subsets
of features and reducing dimensionality of search space and using Kd-tree as search algorithm,

the classification time may reduce significantly while the accuracy is preserved.
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Figure 3.3: K-nearest neighbors search using kd-trees

3.7 Feature selection for demensionality reduction

Dimensionality reduction is a commonly used step in machine learning, especially when
dealing with a high dimensional space of features. The original feature space is mapped onto
a new, reduced dimensioanllyity space and the examples to be used by machine learning algo-
rithms are represented in that new space. The mapping is usually performed either by selecting
a subset of the original features or/and by constructing some new features. In this section the
Principal Component Analysis (PCA) and Random Forest algorithms, as two common demen-

sionality reduction techniques, are presented.

3.7.1 Principal component analysis (PCA) for feature selection

PCA uses an orthogonal transformation to convert a set of observations of possibly corre-
lated variables into a set of values of uncorrelated variables called principal components. The
question that PCA helps us to answer fundamentally is this: Which of these M parameters

explain a signficant amount of variation contained within the data set?

Let X be a zero mean n-dimensional random feature vector and X be the covariance matrix
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of X . Let A be a matrix whose columns are the orthonormal eigenvectors of the matrix X:

Y = AAAT (3.10)

where A is a diagonal matrix whose diagonal elements are the eigenvalues of X,A; > A, >

A3... > A,. Let A, be the first g columns of A and let V1, V5, ..., V,€RY be the rows of matrix A,.

Each vector V; represents the projection of the ith feature (variable) of the vector X to
the lower dimensional space, that is, the g elements of V; correspond to the weights of the
ith feature on each axis of the subspace. The key observation is that features that are highly
correlated or have high mutual information will have similar absolute value weight vectors V;.
To find the best subset we use the structure of the rows V; to first find the subsets of features that
are highly correlated and follow to choose one feature from each subset. The chosen features
represent each group optimally in terms of high spread in the lower dimension, reconstruction

and insensitivity to noise.

3.7.2 Random forest algorithm for feature selection

Bagging (BREIMAN, 1996) is a technique that takes high variance (noisy) and low-bias
procedures, averages them and reduces the variance of the estimated function. Random forest
(BREIMAN, 2001) is a modification of bagging that builds a large collection of random trees
and then averages them. The algorithm has two sources of randomness. The first is randomness
in data and the second is randomness in split. It provides the class of dependent variable based
on many trees. In other words, it is an ensemble learning technique that operates by constructing
several trees at training time and outputting the class that is the mean prediction of individual
trees and by doing so, it corrects the existing overfitting problem of decision trees and is very
effective in eliminating noise in the model input data. Because Random Forest builds many
trees using a subset of the available input variables and their values, it inherently contains some
underlying decision trees that omit the noise generating variable/feature(s). In the end, when
it is time to generate a prediction, a vote among all the underlying trees takes place and the

majority prediction value wins.

If there is a training set with size N, the random forest draws a bootstrap sample Z* of size
N from training data, grows a collection of trees 7}, to the bootstrapped data, selects m variables

randomly and then ranks them. In the end, it outputs an ensemble of B numbers of such trees.

In order to measure the importance of variable X,, to predict class Y, it uses out-of-bag
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(OOB) samples to construct a variable importance measure. When the bth tree is grown, the
out-of-bag examples are randomly permuted and the data run down the corresponding tree
(BREIMAN, 2001). Afterward, the values for the jth variable is permuted and the classification
accuracy is saved. Then, the decrease of accuracy as a result of this permuting is averaged for

all the trees and is used to evaluate the importance of the variable.

3.8 Summary

In this chapter, five well-known classification algorithms were explained. Additionally, we
indicated three facts of instance-based learning that make it to be prefered over other methods.
For avoiding the curse of dimensionality, two feature selection algorithms and an optimized
nearest neighbors search method were described. In the next section, we will give a general
view of the methods that have been suggested and previous researches that have been carried

out for drowsiness detection.



Chapter 4

LITERATURE REVIEW

In this chapter the previous works in state of art are discussed in order to acquiring a clear

view of general trends toward detecting drowsiness.

There are two types of BCI studies which are worth mentioning: hardware and software.
Considering non-invasive methods, from a hardware viewpoint, researchers investigated the
replacement of wet electrodes by dry ones. Wet electrodes had some disadvantages like: a)
time-consuming to setup; b) long-term monitoring (gel dependent electrode could dry up). The
first prototypes of dry electrodes were developed in the late 1960s and early 1970s (LOPEZ;
RICHARDSON, 1969) (BERGEY; SQUIRES; SIPPLE, 1971). Recently, the potential of ca-
pacitive electrodes and dry sensors made of silicone conductive rubber (OEHLER, 2008) have

been demonstrated.

From the software perspective, the origin of BCI can be traced to work in 1960s by Delgano
(DELGADO, 1969) and Fetz (FETZ, 1969). Delgano developed an implantable chip (which he
called stimoceiver) that could be used to both stimulate the brain by radio and send electrical
signals of brain activity by telemetry, allowing subject to move about freely. In a now-famous
demonstration, Delgado used the stimoceiver to stop a charging bull in its track by pressing a
remote control button that delivered electrical stimulation to the caudate nucleus in the basal
ganglia region of the bull’s brain. At around the same time Fetz showed that monkeys can
control the activity of single brain cells to control a meter needle and obtain food rewards.
Slightly later, Vidal (VIDAL, 1973) explored the use of scalp-recorded brain signals in humans
to implement a noninvasive BCI based on visually evoked potentials. In 1976, he provided
evidences that brain signals could be used as a communication channel to control a cursor
through a two dimensional maze (Vital, 1976). Various works combining hardware and software

were conducted between 1980s and the end of the 20th century mainly to confirm that the brain
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(of humans and animals) could be able to control a prompt on a computer screen or a device.

Lots of studies have been conducted with the purpose of improving life quality for pati-
ents with major disabilities, including wheelchair control (TANAKA; MATSUNAGA; WANG,
2005) (PHILIPS et al., 2007a) (VANACKER et al., 2007) (GALAN et al., 2007) (HEMA et
al., 2011) (PHILIPS et al., 2007b) and locked-in syndrome (KAUFMANN; HOLZ; KUBLER,
2013) (HINTERBERGER et al., 2001) (KUBLER et al., 1998) (BIRBAUMER, 2006) (PFURTS-
CHELLER; FLOTZINGER; KALCHER, 1993). The potential of BCI caught the military atten-
tion and many other applications were investigated under the DARPA sponsorship such as: a)
mobile robot controlling; b) telepresence; c) exoskeleton controlling; d) robotic augmentation;
and e) silent-talk. Most of them are related to wheelchair control as the purpose is to control
robots, drones or exoskeleton. Silent-talk is a bit different as the purpose is human-human
communication on the battlefield without the use of vocalized speech. Another important BCI
application is cyber security which frequently gets the attention of the banks, e-commerce com-

panies and defense departments.

In the field of drowsiness accidents that can be attributed to driver drowsiness, it may be
more devastating than the statistics reveal (COLTEN; ALTEVOGT et al., 2006). Hence, in
order to avoid this type of accident, it is necessary to derive effective measures to detect driver
drowsiness and alert the driver. Researchers have used various methods to detect drowsiness,

but four mostly used methods are as follow:

1. Subjective Measures
2. Vehicle-Based Measures
3. Behavioral Measures
4. Biosignal Measures

The rest of this section will provide a review of the researches have been done through these

four measures.

4.1 Subject measures

This measure is found on self estimation of subject (the driver) through verbal expression
and lots of scales to rate the expressions to a sleepiness rate. One of the most common drow-

siness scales is the Karolinska Sleepiness Scale (KSS), a 9 point scale, based on self-reported
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subjective statement of subject’s level of drowsiness (INGRE et al., 2006).The descriptors are
marked from 1 as “very alert’up to 9 as “very sleepy”. Its original format only includes sco-
res of 1,3,5,7 and 9, but in the additional version more descriptors were added (See Table 3.1)
(REYNER; HORNE, 1998) (OTMANI et al., 2005).

Table 4.1: Karolinska sleepiness scale (KSS).

Rating Verbal description

Extremely alert
Very alert
Alert
Fairly alert

1

2

3

4

5 Neither alert nor Sleepy
6 Some signs of sleepiness

7 Sleepy, but no effort to keep alert
8 Sleepy, some effort to keep alert
9

Very sleepy, great effort to keep alert, fighting sleep

Hu.et al. (HU; ZHENG, 2009) measured the KSS rating every 5 minutes and used it as a
reference of EOG collected signal. Portouli et al. (PORTOULI et al., 2007) evaluated EEG data
by conforming the drowsiness through questionnaires and a medical practitioner. Some rese-
arches investigated on finding a relationship between KSS which was recorded during driving
task and variation of lane position (VLP) and found that these measures weren’t in agreement
(SOMMER et al., 2009). Ingre et al. (INGRE et al., 2006) realized that there is a relationship
between the blinking duration and the explained level of KSS scale. Researchers have deter-
mined that major lane departures, high eye blink duration and drowsiness-related physiological

signals are prevalent for KSS ratings between 5 and 9 (INGRE et al., 2006).

Since the level of drowsiness is measured approximately every 5 minutes, sudden variations
cannot be detected using subjective measures. Another limitation for using subjective ratings
is that it is difficult to obtain drowsiness feedback from a driver in a real driving situation.
Therefore, although subjective ratings are useful in determining drowsiness in a simulated envi-
ronment, the remaining measures may be better suited for the detection of drowsiness in a real

environment.
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4.2 Vehicle-based measures

Another method to measure the drowsiness is based on measuring the signals, which are
being sent by various vehicle components. In this case, several sensors are installed on the dif-
ferent vehicle components, then data are analyzed and the level of drowsiness is measured. Liu
et al. (LIU; HOSKING; LENNE, 2009) published a review on current vehicle-based measures.
Also, some researches found that there is a relationship between largely speed variation and the
drowsiness (OTMANI et al., 2005). The two most common vehicle-based measures are steering

wheel movement (SWM) and standard deviation of lane position (SDLP).

4.2.1 Steering wheel movement (SWM)

In this approach, the steering wheel movement (SWM) is measured using a steering angel
sensor. This approach has been used widely so as to measure the drowsiness (OTMANI et al.,
2005) (THIFFAULT; BERGERON, 2003) (FAIRCLOUGH; GRAHAM, 1999). By mounting
a sensor on steering column the micro corrections are measured. Since the micro corrections
while drowsiness are reduced in comparison with a normal driving state (FENG; ZHANG;
CHENG, 2009), then significant reduction is a measure to detect the drowsiness of car driver
(VURAL, 2009).

Fairclough and Graham found that sleep deprived drivers made fewer steering wheel rever-
sals than normal drivers (FAIRCLOUGH; GRAHAM, 1999). In order to eliminate the effect
of lane changes, the researchers considered only small steering wheel movements (between 0.5
and 5), which are needed to adjust the lateral position within the lane (OTMANI et al., 2005).
Hence, based on small SWMs, it is possible to determine the drowsiness state of the driver and
thus provide an alert if needed. In a simulated environment, light side winds that pushed the car
to the right side of the road were added along a curved road in order to create variations in the
lateral position and force the drivers to make corrective SWMs (THIFFAULT; BERGERON,
2003).

Car companies, such as Nissan and Renault, have adopted SWMs but it works in very
limited situations (VURAL, 2009). This is because they can function reliably only at particular
environments and are too dependent on the geometric characteristics of the road. (VURAL,
2009).



4.3 Behavioral measures 49

4.2.2 Standard Deviation of lane position (SDLP)

Using this approach the deviation of lane position is measured by a camera and if the devi-
ation is more than a standard level for normal drivers (or SDLP level), then a risky situation is
predicted. Ingre et al. (INGRE et al., 2006) conducted an experiment using KSS and measured
the SDLP. They found out that when the KSS rating is increased, the deviation of lane position
is also increased. For instance, KSS ratings of 1, 5, 8, and 9 corresponded to SDLP measure-
ments of 0.19, 0.26, 0.36 and 0.47, respectively. In this experiment, 20 individuals participated
and the KSS rate and SDLP measures were recorded. They reported that however there was a
relationship between these measures, but for some drivers the SDLP measure didn’t raise more
than 0.25, even for KSS rating of 9 that can be a weak point of SDLP approach. Another defect
of SDLP is being completely dependent o external situations, like road structure, climate, light
and resolution. Most of the researches and practical experienced showed that the vehicle-based
measures aren’t very reliable because they are poor predictors. Moreover a measure like SDLP
can be caused by various origins, like impaired driving and not just drowsiness (SIMONS et al.,
2012) (DAS; ZHOU; LEE, 2012) (METS et al., 2011b).

4.3 Behavioral measures

During the drowsiness, the individual shows some behaviors with specific characteristics,
such as change in blinking duration, frequent yawning (FAN; YIN; SUN, 2009), swinging
his/her head, the top down head movements, etc. All these abnormal signs are what behavi-
oral measures focus on, in order to detect the drowsiness(LEW et al., 2007). A vast amount of
investigations have been interested in blinking as a behavioral characteristic (DORAZIO et al.,
2007) (LIU et al., 2010). PERCLOS which is the percentage of eyelid closure, shows a slow and
droop closure rather than blinking, during drowsiness. PERCLOS has been analyzed in many
studies (ZHANG; ZHANG, 2010) (DINGES et al., 1998) (ABE et al., 2011) (MCKINLEY et
al., 2011) and has been found as an effective measure to predict drowsiness (LEXUS, 2012).
Some other studies concentrated on facial characteristics, such as jaw drop along side eye blink
detection (LEW et al., 2007) (FAN; YIN; SUN, 2008).
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The major problem with the approaches in which their core idea is capturing and analyzing
facial behaviors is lighting problem. It means, if we consider camera as the visioning equip-
ment, most of the cameras have visioning problem at night (BERGASA et al., 2006). In order
to overcome this problem, in some investigations, an infrared Light Emitting Diode was utilized
(BERGASA et al., 2006). These efforts were somewhat effective to eliminate the night visio-
ning problem, however, using LED cameras, it lacks an important feature which is having a
good vision during the day light. This defect is because of the fact that the night cameras don’t
have a proper vision in the day light (HARTLEY; COMMISSION et al., 2000). In addition,
the majority of experiments have been done by mimicking the drowsiness, and not a natural
drowsiness behavior. Mostly, image is acquired using simple CCD or web camera during day
(WEDIE et al., 2012) and IR camera during night time (FLORES; ARMINGOL; ESCALERA,
2010) at around 30 fps. After capturing the video, some techniques, including Connected Com-
ponent Analysis, Cascade of Classifiers or Hough Transform, Gabor Filter and Haar algorithm
are applied to detect the face, eye or mouth (ZHANG; ZHANG, 2010) (VURAL et al., 2007)
(DORAZIO et al., 2007) (FLORES; ARMINGOL; ESCALERA, 2010). After localizing the
favorite region in image, the behavioral features, such as yawning, head angle or PERCLOS
are extracted using feature extraction methods like wavelet decomposition and discrete wavelet
transform (FAN; YIN; SUN, 2009) (LEW et al., 2007) (DORAZIO et al., 2007) (FLORES;
ARMINGOL; ESCALERA, 2010). Afterward the features are classified using classifiers inclu-
ding SVM, fuzzy classifier, neural network and LDA (FAN; YIN; SUN, 2009) (DORAZIO et
al., 2007) (FLORES; ARMINGOL; ESCALERA, 2010) (BERGASA et al., 2006). The classes
with which the classifiers categorized the features, were either normal, slightly drowsy and high

drowsy.

The classification rate during the aforesaid classification techniques were highly dependent
on the variety of classes which were used. The determination of drowsiness using PERCLOS
and Eye Blink has a success rate of close to 100% (BERGASA et al., 2006) and 98% (LIU et al.,
2010), however, it is important to be noted that the high detection rate achieved by bergasa and
colleagues (BERGASA et al., 2006) was just obtained when the driver didn’t wear the glass.
Another important issue that is worth mentioning that in majority of researches which hav
been done through behavioral approaches, the experiments have been carried out in simulated
environment and testing them in the real environment caused having a significant reduction in

detection rate (PHILIP et al., 2005b).
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4.4 Biosignal measures

When a driver becomes sleepy, his/her head begins to sway or the head’s angel changes, the
heart beating rhythm gets slower and the vehicle may wander from the center of lane. These
are the signs, behavioral measures lay on, but these approaches lack in detecting the sleepiness

soon.

Unlike behavioral signs, biosignal-related signs change in the earlier stages of drowsiness.
As a result, biosignal measures are more suitable and safer because they detect the sleepiness

soon and thereby prevent road accidents.

The following signals have been engaged in many investigations as Biosignals (SAHAYADHAS;
SUNDARAJ; MURUGAPPAN, 2012a): a) Electrocardiogram (ECG); b) Electromyogram (EMG);
¢) Electroencephalogram(EEG) and d) Electro-oculogram (EoG).

Sleep stages are accompanied by some neural changes in brain activity, eye movement and
heart rate. Biomedical signals, such as electrocardiography (ECG), electrooculography (EoG)
and Electroencephalography (EEG) have been used to measure these changes. EEG has been
used in several researches for detecting drowsiness (CORREA; OROSCO; LACIAR, 2014),
(LIN et al., 2012). Some researchers investigated on using EoG to identify drowsiness through
eye movement (KHUSHABA et al., 2011) (HU; ZHENG, 2009) (AKIN et al., 2008). The
electrical potential between retina and cornea generates an electrical field which reflects the
eye movement. This electrical field is named EoG signal. Researchers have investigated the
horizontal eye movement by placing an electrode in the outer corner of each eye, and another
electrode as a reference electrode on forehead. Using these electrodes, the rapid eye movement
(REM) and slow eye movement (SEM) (which occur respectively during drowsiness and when

an individual is awake) are detected easily (LAL; CRAIG, 2001).

The heart rate (HR) varies significantly through the different stages of cautiousness level
(LIANG et al., 2009) (MIYAJI; KAWANAKA; OGURI, 2009), therefore it has been considered
as a proper feature in order to measuring the drowsiness. Heart rate can be determined by ECG
signals. Also Heart Rate Variability (HRV) has been utilized in many researches. In HRV, low
frequencies (LF) and high frequencies(HF) fall in the range of 0.04—0.15 Hz and 0.14-0.4 Hz,
respectively (KHUSHABA et al., 2011) (PATEL et al., 2011). The ratio of LF to HF (LF/HF)
decrease as an individual progresses from awake to drowsiness stage (PATEL et al., 2011)
(YANG; LIN; BHATTACHARYA, 2010). This change can be used for identifying the transient

state, happens between wakefulness and sleep.

The Electroencephalogram (EEG) is a electrophysiological feature which has been used
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for detecting the drowsiness. As it was already mentioned, EEG signals have various frequency
bands. Delta band (0.5-4 HZ) corresponds to sleep activity, the Theta band (4-8 HZ) is related to
drowsiness, Alpha band(8-13 HZ) represents relaxation and beta band (13-25 HZ) corresponds
to alertness (AKIN et al., 2008) (LIN et al., 2012) (LIU; ZHANG; ZHENG, 2010). The Alpha
band increases with meditation and decreases with drowsiness. Additionally, the Theta band
increases during somnolence. Consequently, researchers have used the changes that happens in
brain’s frequency bands for classifying different consciousness stages. Akin et al. observed that
the success rate of using a combination of EEG and EMG signals to detect drowsiness is higher

than using one signal alone (AKIN et al., 2008) .

EEG signals are often noisy (like Blink, eyelid flutter and lateral eyeball movements ar-
tifacts) and this unpleasant noisy characteristic sometimes make the data analysis hard, then

noisy data should be eliminated(Figure 4.1).

,\/\WW/W\'

AW e
M"WM\JM

,\/\Vwﬂ'\/\/wl\/—\

%/ A,
NV el

N WA Y

v ) vy

AN w\/w\,«%

P A ) TS N
AWA

v i

f Vo ST ’“f\/\/‘z

frra MANA

o/ AVAVAVAMAVAVAW

1125 113 1135 [0 1145 15
Time (seconds)

J / A_ AV

W

YASR AN
/\W”\]\’\Jiwbﬂ\'/k\g{\ \
J VA

10 105 m

Figure 4.1: EEG signals showed in two points (A and B) before and after noise eliminations. The
red signals are noisy and the blue traces indicate the EEG after processing using an artifact remo-
val algorithm (ZEMAN, 2012)

Biosignal measures are reliable and accurate, but, they are intrusive and hard to implement
in the real environment. This problem can be solved by using single EEG recording which focus
on EEG low-cost equipments in order to have a friendly and accurate approach for measuring

drowsiness stage.

The advantages and disadvantages of the different type of measures is summarized in Table
4.4.
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Table 4.4: Advantages and limitations of various measures.

Measures Parameters Advantages Limitations

Subjective measures Questionnaire Subjective Not possible in
real time

Vehicle based measures | Deviation from the lane | Non-intrusive Unreliable

position Loss of control

over the steering wheel

movements
Behavioral Measures Yawning, Eye closure, | Non-intrusive, Lighting, condi-
Eye blink, Head pose Ease of use tion, Background
Biosignal measures Statistical and energy | Reliable, Accu- | Intrusive

features derived from | rate
ECG, EoG and EEG

Some studies used a combination of biosignals in order to detect sleepiness (see Table4.5).
Khushaba et al. developed a fuzzy mutual-information-based wavelet packet transform (FMIWPT)
feature-extraction method for classifying the driver drowsiness using 3 EEG channels, EoG sig-
nals recorded from left eye and a surface electrode measuring ECG signals. They achieved
a classification accuracy of 95%-97% on an average across all subjects (KHUSHABA et al.,
2011). Akin et al. (AKIN et al., 2008) used three primary measures to define physiologi-
cal sleep stages including: (1) The electroencephalogram (EEG) which is popularly known as
brain waves; (2) The electromyogram (EMG) which is a record of the electrical activity and
emanates from active muscles; (3) The electrooculogram (EoG) which records eye movements.
They reached a classification accuracy of 98%—-99%. Subasi et al. (SUBASI et al., 2005) used
Eog and 5-s long sequences of full-spectrum EEG recordings for classifying alert versus drowsy
states in an arbitrary subject. This study used the wavelet-based neural network model trained
with the LevenbergMarquardt algorithm to discriminate the alertness level of the subject, and
the classification results of this study was 93.3% alert and 96.6% drowsy. Through one of the
investigations, concerning drowsiness identification, K-NN has been used alongside a set of
psychological measures ( 3 EEG, 1 ECG and 1 EoG channels) for detecting drowsiness (LI-
ANG et al., 2009) and they achieved a detection rate of 95% correctly classified samples. Kurt
et al. (KURT et al., 2009) used 32 EEG, 1 EoG and 1 EMG electrodes for recognizing sleepi-
ness. They used Discrete Wavelet Transform (DWT) for extracting the features from recorded

signals. Using ANN they to detect drowsiness by 97% accuracy.
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In general EEG has a high time resolution, is simple in use, cheap and almost does not
disturb the subject. EEG can be recorded in any environment without interrupting user’s daily
tasks. EEG is also a convenient tool for psychophysiological research when the subject has to

perform some behavioral tasks or when he/she is out of laboratory (GREEN et al., 1985).

Several studies considered using just EEG records for drowsiness detection. Mervyn et
al. used a 32-channel EEG equipment and classified the collected data using support vector
machine (SVM) classifier with 99.3% accuracy (YEO et al., 2009). They used the the beta acti-
vity in time domain, occipital alpha activity and alpha dropout events as determinitive features
for distinguishing between alertness and sleep stage. More recently, some studies (HALICI,
1999) have concentrated on detecting the information on drowsiness available from a full EEG
spectrum. Vuckovic et al. (VUCKOVIC et al., 2002) presented a method for classifying alert
versus drowsy states from 1-s long sequences of full-spectrum EEG recordings in an arbitrary
subject. This method uses time series of interhemispheric and intrahemispheric cross-spectral
densities of full-spectrum EEG recordings as the input to an artificial neural network (ANN)
with two discrete outputs: drowsy and alert. They achieved a detection accuracy of 94% using

14 electrodes.

Even though acquiring data using EEG equipments with large number of channels or a
combination of biomedical signals, leads having a high detection accuracy, but it lacks the ease
of use in real life experiments and involves complex mathematical computations (CORREA;
OROSCO; LACIAR, 2014). This problem has been addressed in some studies (see Table 4.6
and 4.7). In a work by Ko et al. a single channel wireless EEG device was used for real-
time fatigue level detection (KO et al., 2015). Some other investigations also used wireless
and Bluetooth technologies (KOBAYASHI, 2012) (KLINGEBERG; SCHILLING, 2012). It is
expected that the use of these sensors for estimating the drowsiness becomes a field of interest
in the future researches. (LEE; CHUNG, 2012) (SLOTEN et al., 2008).
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Table 4.6: List of previous works on driver drowsiness detection using machine learning approach

and just EEG signal.
Ref. Features Number of elec- | Classification Accuracy
trodes method
(YEOetal., | beta activity, oc- | 32 channels SVM 99%
2009) cipital alpha ac-
tivity and alpha
dropout events
(VUCKOVIC cross-spectral 14 channels ANN 94%
et al., 2002) | densities
(CORREA; | Central Fre- | 1 channel ANN 83%
OROSCO; | quency (CF),
LACIAR, Peak frequency
2014) (PF), Ratio H/L,
(RH/L), First
and Third Quar-
tile  Frequency
(QIF and Q3F),
Spectral Standard
Deviation (SSD)
(ABOALAYORntropy, total | 1 channel SVM 92.5%
OCBAGA- | energy
BIR;
FAEZI-
POUR,
2014)
(LIU; approximate en- | 32 channels Hidden Markov | 84%
ZHANG; tropy, Kolmogo- Model
ZHENG, rov complexity
2010)
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Table 4.7: List of previous works on driver drowsiness detection using machine learning approach
and just EEG signal.

Ref. Features Number of elec- | Classification Accuracy
trodes method

(KIYMIK; | Power Spectrum | 32 channels ANN 95%

AKIN; Density

SUBASI,

2004)

(SUBASI Ratio of absolute | 1 channels ANN 93%

et al., 2005) | mean values of
adjacent sub-
bands, avarage
power of wave-
let  coefficients
and Standard

Deviation

As it is shown in Table 4.6 several studies considered using just EEG signals for drowsi-
ness detection. Correa et al. (CORREA; OROSCO; LACIAR, 2014) developed an automatic
method to detect drowsiness in single EEG records using time, spectral and wavelet analysis.
They selected 19, 13 and 7 parameters to feed an artificial neural network (ANN) and their
method achieved 87.4% and 83.6% classification rates for alertness and drowsiness, respecti-
vely. In this study they used Central Frequency (CF), Peak frequency (PF), Ratio H/L, (RH/L),
First and Third Quartile Frequency (Q1F and Q3F), Spectral Standard Deviation (SSD), Inter-
quartile Range (IR), Maximum Frequency (MaxF), Asymmetry Coefficient, (AC) and Kurtosis
Coefficient (KC) as features. Aboalayon et al. (ABOALAYON; OCBAGABIR; FAEZIPOUR,
2014) used EEG sub-bands’ features to fed a SVM and achieved 92.5% classification accuracy.
Kiymik et al. (KIYMIK; AKIN; SUBASI, 2004) used an equipment with 32 channels for ob-
taining EEG data. They used power spectrum density as EEG feature and using ANN their
method achieved a classification rate of 95%. Subasi et al. (SUBASI et al., 2005) proposed an
ANN-based method for classifying drowsiness using ratio of absolute mean values of adjacent,
avarage power of wavelet coefficients and Standard Deviation, and their method managed to
classify drowsiness by 93% accuracy. In this study the power of signal and entropy in a 60

seconds period were used as EEG features.
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4.5 Summary

In this chapter the variety of drowsiness measurements were reviewed. It was mentioned
that since measures like behavioral and vehicle-based measures are not always correlated with
drowsiness stage, and considering the fact that biosignals are changed in the first moments of
drowsiness (or even before the subject become fully drowsy), biosignal measures can be consi-
dered as better measures for detecting sleepiness. Several studies which utilized a combination
of biosignals were reviewed. It was then told that because EEG has a high time resolution, is
simple in use, cheap and almost does not disturb the subject, it is a proper biosignal for me-
asuring conciousness stages. Researches in which just EEG signals were used for drowsiness
recognition were reviewed. Finally, it was emphasized that for using automatic drowsiness
systems in daily experiments, it is important to use more user-friendly solutions such as EEG
equipments with only one electrode. Two studies which have utilized single channel EEG re-
cording were mentioned as well. In the next chapter, the whole research process is explained.
In the next chapter, we will talk about our research goals and then we will describe the research

process step by step.



Chapter 5

RESEARCH PROCESS

In the previous chapters, the research motivation, theoretical foundations and related rese-
arches were explained in detail. In this chapter, firstly the questions this research intends to

answer will be enumerated. Afterward the methodology and materials will be explained.

In the current chapter, firstly the research goals will be mentioned one by one. Later, the
materials and methods including the data aquisiotion, signal processing and feature extraction,
some of our interesting observations about the extracted EEG features related to alertness and
drowsiness, and feature selection will be explained. We will also describe why we chose some
specific features like mean energy, Standard Deviation and entropy. Finally, we will show an
ordered list of the selected features —based on their importance —which carry enough infor-

mation and allows us for detecting drowsiness with high classification rate.

5.1 Goals

This research aims to improve the previous works regarding the following particular as-

pects:

1. Investigating the use of single-channel EEG for detecting sleepiness using short EEG

epochs.

2. Investigating the use of a simple classification algorithm instead of the statistical approa-

ches (HAL et al., 2014) or sophisticated learning algorithms.

3. Introducing the mean energy of EEG signal as an adequate feature for drowsiness detec-

tion.
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4. Comparing the classification rate of the well-known classification algorithms such as
SVM, logistic regression, decision tree and K-NN in order to find the best classifier using

the data obtained in this study.

The specific questions we would like to answer by carrying out this investigation are:

1. Can K-nearest neighbors classify the brain frequencies using single channel EEG recor-
ding, as good as when it was used with 5 channels (3 EEG, 1 ECG and 1 EoG channels)
(KHUSHABA et al., 2011)?

2. Considering the disadvantages of K-NN, can optimized search and dimension reduction
techniques result in a significant improvement in classification time while preserving the

accuracy of correctly detected drowsiness instances?

3. How short EEG epochs can be so as to detect drowsiness accurately (in order to use the

least possible EEG data)?

From the accuracy and simplicity perspectives, the answers of first question can give us a
clue that, instead of using an elaborate classification algorithm like SVM, for drowsiness detec-
tion (YEO et al., 2009), we can use an algorithm that not only is fast and simple, but also it may
perform better than most of the elaborate algorithms —in this specific research field and with
this dataset characteristics. This idea comes from the fact that there are several investigations
in which it was shown that in the competition among sophisticated algorithms(such as Neu-
ral Network and Support Vector Machine) and simple ones (like Naive Bayes and K-Nearest
Neighbors), the clear winner aren’t necessarily the more elaborate ones (ASHARI; PARYUDI;
TJOA, 2013) (COLAS; BRAZDIL, 2006).

Using dimension reduction techniques alongside the other nearest search algorithms may
affect the classification accuracy. Considering that when the size of dataset is large, K-NN is
a slow classifier and the fact that using short epochs leads having a big dataset, answering the
second question may give a new prespective for the future investigations by finding that whether
using K-NN alongside Kd-trees —with a dataset which its dimension has been reduced —has

the ability of detecting drowsiness accurately or not —when epochs are very short.

Since detecting drowsiness as soon as possible to avoid car accident is critical, just having a
higher classification rate doesn’t guarantee having an efficient approach. The system must also
detect the drowsiness within a shorter period of time. Consequently, using long time segments
(for example, epochs of 60 seconds) cannot be very useful. Using short epochs will result in

less calculation. Consequently, we may have a faster drowsiness detection system.
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5.2 Methodology & materials

In general, the following tasks have been done during the current study:

(A) Consultancy to neurologists in order to acquiring knowledge about the sleep EEG recor-
ding prerequisites aiming to know the best possible approaches for obtaining sleep stages

data.

(B) Studying the neurological manuals related to sleep stages such as Rechtschaffen and Ka-
les scores; (RECHTSCHAFFEN; KALES, 1968), hypnograms data, etc.

(C) Programming the system modules such as EDF and hypnogram file reader, random EEG
epoch selector from the labeled (awake or drowsiness stages) EEG data, sleep stage ex-
tractor, implementing the short-time Fourier transform and Morelet wavelet in order to

get time-frequency domain data and implementing feature extraction module.
(D) Final EEG data processing and feature extraction using the obtained EEG data;

(E) Using waikato environment for knowledge analysis(WEKA) and Matlab for classifying

the extracted features.

5.2.1 Data acquisition

The Sleep-EDF [Expanded] Database from PhysioNet was used in this study (KEMP;
ZWINDERMAN; TUK HAC KAMPHUISEN, 2000). The data sampled at 100 Hz using Fpz-
Cz and Pz-Oz channels. The recorded data comes with a hypnogram file that contains sleep
patterns corresponding to each subject, scored according to Rechtschaffen & Kales. These pat-
terns consist of sleep stages W, 1, 2, 3, 4, R, M and "not scored’ which are assigned binaries
0,1,2,3,4,5, 6 and 9 respectively. Each scored instance in hypnogram file is associated with
an EEG epoch with 30 seconds duration. The recordings have been obtained from Caucasian
males and females (21-35 years old). The EEG data of 11 subjects recorded from Fpz-Cz (Fpz
as a single recording electrode and Cz as reference electrode) channel, were used in order to be

processed.

5.2.2 Signal processing and feature extraction

All the signal processing, feature extraction and classification tasks were done using de-

veloped scripts in our laboratory, running under Matlab 8.3 (The MathWorks, Inc.) and Weka
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3.8, in a computer with 8GB ram, 2.4 GHz Intel Core i5 CPU and Macintosh operating system.

Figure.5.1 presents the block diagram of our method.

EEG data

Feature extraction

Time analysis STFT decomposition

Feature selection

Classification

Figure 5.1: The block diagram of the our method

First, 326 sleep epochs, each with 30 seconds duration, labeled with either "W’ (wakeful-
ness stage) or "1’ (drowsiness stage), were chosen from database. Then, the EEG data corres-

ponding to each epoch was extracted from EDF files.

In order to obtain the EEG dynamics related to different consciousness stages, EEG sub-
bands consisting of Delta (0.5—4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz) and
Gamma (30-50 Hz) were decomposed using short-time Fourier transform. Using STFT, short
pieces of signal with window function are extracted and then its frequency representation is
computed:

Fi(t,f;h) = /Jroox(u)h*(u—t)e_izn”fdu (5.1

—o00

where A(t) is the sliding analysis window of STFT. If the window has a finite energy then,

it can be represented as:
w0 = | Fy(u, f:h)h(t — u)e™! dud f (5.2)
h J—oo —o0

where
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E,= /+°Q \h(1)|dt (5.3)

(o)

In order to find how EEG data related to drowsiness differ from those ones of wakefulness
we calculated the mean energy, maximum energy, minimum energy, Standard Deviation, non-
linear energy operator and Entropy. It was found out that for all the randomly selected subjects,
the mean energy of majority of frequencies related to Delta, Theta, Beta and Gamma sub-bands
of wakefulness is higher than drowsiness (see Figure 5.2 , Figure 5.3, Figure 5.4 and Figure 5.5).
Moreover, a higher value of Entropy and Standard Deviation were observed for drowsiness and
wakefulness stages respectively (see Figure 5.6 and Figure 5.7).
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Figure 5.2: The mean energy of EEG sub-bands related to drowsiness and wakefulness of 11 sub-
jects. A higher mean energy of Frequency=1 Hz is observable.
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jects. A higher mean energy of Frequency=6 Hz is observable.
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Figure 5.4: The mean energy of EEG sub-bands related to drowsiness and wakefulness of 11 sub-
jects. A higher mean energy of Frequency=49 Hz is observable.
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Figure 5.5: The mean energy of EEG sub-bands related to drowsiness and wakefulness of 11 sub-
jects. A higher mean energy of Frequency=50 Hz is observable.

Figures 5.2, 5.3, 5.4 and 5.5 show the mean energy of 102 randomly selected instances from
11 subjects —related to frequencies of F=1 Hz, F=6 Hz, F=49 Hz and F=50 Hz —where the
horizontal axis represents the frequency instance and the vertical axis shows the mean energy
related to each instance. As it is seen, for the majority of instances a higher mean energy
is observable. This implies that even though there are few instances of wakefulness with the
same enegy level of drowsiness, the mean energy may be used as an appropriate feature for
drowsiness and alertness distiction. In order to obtain even a better accuracy, more appropriate

features are supposed to be considered.
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Figure 5.6: The values of Standard Deviation for drowsiness and wakefulness stages.
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Figure 5.7: The values of Entropy for drowsiness and wakefulness stages.

Figures 5.6 and 5.7 show the values of Standard Deviation and Entropy for wakefulness
and drowsiness stages —where the horizontal axis represents the selected instances and the
vertical axis shows the value of entropy and Standard Deviation. It is observable that for the
randomly selected instances, Standard Deviation and entropy of alertness is higher than drowsi-
ness. Although for the selected instances and for the majority of existing instances in the data-
set the Standard Deviation and entropy values have seperable margins, there are some instances
with overlapping values for both entropy and Standard Deviation. This means that Standard De-
viation and entropy can be considered as adequate features for drowsiness detection although,
just utilizing these features do not guarantee a high classification accuracy. Then, using these

features alongside mean energy of frequency sub-bands may yield a high classification result.
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By that means, each input time-series related to the drowsiness and wakefulness epochs
was divided into a sequence of discrete segments of 0.5 second and then, the mean energy was

calculated for each frequency band during each of the time segments.

In time-domain, Shanon entropy and Standard Deviation (SD) related to each time-segment
were calculated. Entropy is a non-linear measure quantifying the complexity in a time series
and in brain computer interface (BCI) systems it can be used to evaluate the level of chaos
(PHUNG et al., 2014). If X is a set of finite discrete variables X = {x;,x2,...,X, } and x;€R¢, the
Shanon entropy, H (X ), can explicitly be written as:

ZP xi)log, P(x;) (5.4)
i=1

where P(x;) is the probability that X is in the state x;.

Standard deviation is a measure that quantifies the amount of variation of a set of data values

and is expressed as:

1 n
o= /=) (xi—u)? (5.5)

iz
where p is the mean value of population in a set of data.

Finally, 52 features —including 50 features as the mean power of frequency bands between
0.5 and 50 Hz, standard deviation and entropy —containing 17437 instances, obtained from 11

subjects and labeled with either > Awake’ or *Drowsy’, were collected as the final set of data.

5.2.3 Feature selection and classification

Random forest and PCA algorithms were applied over dataset so as to calculate the feature
importance. Afterward, the dataset containing selected optimal features (see Table 5.1) was de-
livered to the classification algorithm. The K-nearest neighbors with kd-trees search algorithm
was used for classification task. For measuring the overfitting rate of each algorithm that has
been used in this research, we first used the same exisiting data in training set for classification
task and then, the data were separated into test set and training set. The train and test sets were
randomly chosen from 11 subjects. To do so, the data of 8 subjects (12669 instances) were
used for training and data of 3 subjects (4768 instances) were chosen as test sets. Classification
accuracy was calculated for K values, 1 < K < \/ﬁ, where n is the number of instances in the
dataset (DUDA; HART; STORK, 2001). We also chose the K parameter to be odd numbers in
order to avoiding ties (HASSANAT et al., 2014).
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Table 5.1: The ordered list of 11 most important features. Each feature is related to time segments
of 0.5 second

Feature Meaning
Entropy The entropy of signal in time-domain
Standard Deviation The standard deviation of signal in time-domain

F52 The mean energy for frequency=52 Hz
F49 The mean energy for frequency=49 Hz
Fl The mean energy for frequency=1 Hz
Fo6 The mean energy for frequency=6 Hz
F5 The mean energy for frequency=>5 Hz
F32 The mean energy for frequency=32 Hz
F17 The mean energy for frequency=17 Hz
F9 The mean energy for frequency=9 Hz
F28 The mean energy for frequency=28 Hz

Table 5.1 shows the ordered list of selected features by Random Forest. As it is seen,
Entropy is considered as the most informative feature. Standard deviation has been ranked as
the second best feature for destinguishing between drowsiness and alertness. It is observable
that two frequency bands related to Gamma (F=52 Hz and F=49 Hz), one frequency of Delta
(F=1 Hz) and two frequencies of Theta sub-bands (F=5 Hz and F=6 Hz) carry more adequate
information to recognize drowsiness. Beta band with three frequencies (F=17 Hz, F=32 Hz and
F=28 Hz) and Alpha band with one frequency (F=9 Hz) are the next best features for identifying

drowsiness.

5.3 Summary

In the next chapter, the experimental results are explained in details. We will show the
classification performance of selected features. Also, it will be shown that how using feature
selection and an optimized search algorithm like Kd-trees improves the classification time. Af-
terwards the details of drowsiness and alertness classification results will be shown and then,
they will be compared with the similar studies. Finally, we compare the results of four well-
known classification algorithms —including SVM, decision tree, logistic regression and Naive

Bayes —with those ones obtained by K-NN as an instance-based approach.



Chapter 6

EXPERIMENTAL RESULTS AND DISCUSSION

In this chapter, the results obtained through this study are discussed compared with the

results of the similar works.

We carried out five experiments including demensionality reduction and feature selection,
investigating the classification accuracy and classification time, comparing the results with other
similar researches —which used single EEG channel —from literature, comparing the classifi-
cation performance of other four classification algorithms with K-NN, and finally measuring the

classification rate across all subjects. In the next sections, each experiment will be described.

6.1 Experiment 1 - Measuring the performance of selected
features for drowsiness detection

In this section, we will first show how classification rate is change for each feature dimen-
sion. Afterwards, we explain how the selected signal features including Standard Deviation,

mean energy of frequency sub-bands and entropy affect the detection accuracy.

6.1.1 Classification accuracy for distinct feature dimension

In order to choose the most informative features, we tested the classification rate for the
ranked features for 1 < K < 127. The best results were obtained for K =3, K =5and K = 7.

Figure 6.1 presents the classification accuracy for a variety of feature dimensions, when K
ranges between 3 and 7. As it is observable, the first 11 features selected by random forest (see

Table 5.1) provide the greatest amount of information.
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Figure 6.1: The classification performance of feature dimension for correctly classified instances.

Table 6.1: The classification accuracy of drowsiness based on the number of features engaged in
classification task.

Feature dimension | Accuracy for K=3 | Accuracy for K=5 | Accuracy for K=7
1 60.24% 73.2% 62.24%
2 78.75% 83.72% 79.36%
3 85.14% 86.27% 84.69%
4 86.27% 86.08% 85.46%
5 87.57% 87.22% 86.46%
6 87.64 87.44 86.89%
7 88.26% 87.8% 87.25%
8 88.55% 88.01% 88.79%
9 88.6% 87.92% 87.58%
10 89.34% 88.48% 88.07%
11 90% 89.03% 88.57%
12 89.81% 89.036% 88.56%
13 90.22% 89.61% 89.3%
14 90.38% 89.62 % 89.33%
15 90.44% 89.88% 89.12%
52 90.98% 90.01% 89.29%
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As itis shown in Table 6.1 and Figure 6.1, when the features were engaged one after another
in classification task, the increase in drowsiness identification accuracy is significant for feature
dimension between 1 and 11. Although, for feature dimensions more than 11, the increase
in classification accuracy is negligible. Consequently, we chose 11 features to be engaged in

classification task.

6.1.2 The effectiveness of mean energy, Standard Deviation and entropy

It is worth to mention that using just mean energy values of EEG sub-bands (the first 9
features in Table.5.1), a classification rate of 77% was obtained. Adding Standard Deviation
increased the accuracy with 11% (accuracy = 88%). When Entropy was added to the previous
features (Standard Deviation and mean energy) the detection accuracy increased by 3% (see

Figure) and it reached the classification accuracy of 91%.
95
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Figure 6.2: The classification accuracy of mean energy, mean energy and Standard Deviation, and
mean energy, Standard Deviation and Entropy together.

In this experiment, the classification accuracy of all the features was measured for K=1,
K=3 and K=5 (as they yeild the best classification accuracies). It was found out that the first
11 features carry out the most informative data for drowsiness detection. In order to find the
effectiveness of each feature —including the mean energy, Standard Deviation and entropy —,
we first used features related to mean energy. It was found out that using just the values of
mean energy, we can classify drowsiness and alertness by 77% accuracy. In the second step, we
added Standard Deviation and as a result the detection rate increased 11%. Finally, by adding

entropy as final feature, we reached a classification rate of 91%.
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6.2 Experiment 2 - Classification results

In this experiment, the classification performance is measured using the proposed appro-
ach and then, it will be compared with the situation when no optimized search and demesion
reduction technique is applied. Then, we will take a look at the classification performance af-
ter using PCA and Random Forest. Afterwards, the classification results —using the proposed
method —for both drowsiness and alertness will be shown. Finally, the detection performance

by collecting the classification vote during time segments of 5 seconds will be discussed.

6.2.1 Classification performance with and without using demensionality
reduction and optimized nearest neighbors search

In order to find the effectiveness of the techniques which were used for dimensionality
reduction and optimizing nearest neighbors search, first both datasets with 11 and 52 features
were classified using K-NN with linear search (see Table 6.2). In order to show that there is a
slight difference in classification accuracy when more than 11 features are used, we also added
the results of dataset with 13 features. Afterwards the classification task was repeated using
kd-trees search.

Table 6.2: The classification accuracy and time for different values of feature dimensions, using
linear search. Letter d represents the feature dimension

K Correctly classified instances (%) | Classification time(sec)

d=52 d=11 d=13 d=52 | d=11 d=13
k=3 | 91% 90% 90.08% 67.94 | 26.73 26.81
k=5190.01% | 89.03% | 89.37% 73.80 | 27.33 27.37
k=7 | 89.29% | 88.578% | 88.62% 77.13 | 34.17 34.41

Table 6.3: The classification accuracy and time for different values of feature dimensions, using
kd-trees search algorithm. Letter d represents the feature dimension

K Correctly classified instances(%) | Classification time(sec)

d=52 d=11 d=13 d=52 | d=11 d=13
k=3 | 91% 90% 90.08% 15.90 | 2.09 2.1
k=5 | 90.016% | 89.03% | 89.37% 17.18 | 2.17 2.24
k=7 | 89.29% | 88.57% | 88.62% 17.67 | 2.29 231
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6.2.2 Classification performance using the dataset provided by Random
Forest and PCA

As it is shown in Table 6.3, using 11 features provided by random forest improves the
classification time significantly, without having a tangible decrease in classification accuracy.
Since PCA chooses the best values related to attributes (14153 values were chosen out of 17437
instances) and reduces the dataset size, it helped for classification time reduction although, the
classification accuracy decreased -6% (classification accuracy of 86%), which can be considered

significant in road security domain (see Table 6.4).

Table 6.4: The accuracy and classification time after using Random Forest and PCA

Feature selection algorithm | Accuracy after applying | Classification time (sec)

Random forest 91 % 2.1
PCA 86% 1.9

As it is seen in Table 6.4, using PCA the classification time was decreased slightly by -0.3
second, however the classification accuracy is reduced as well. Thereby, we chose the features

selected by Random Forest without decreasing the number of instances.

6.2.3 Alertness and drowsiness classification

The final classification results for both drowsiness and wakefulness are shown in details in
Table.6.5. The overall accuracy, sensitivity and precision of each sleep stage along with the
confusion matrix of the epochs correctly and incorrectly classified can be calculated through

the following equations:

tp+1n

Accuracy = (6.1)
Y tpttntfp+ fu
t
Precision = —~ (6.2)
tp+fp
t
Sensitivity = —2 6.3
y 7 (6.3)

Where 1,, t,, fp, [ represent true positive, true negative, false positive and false negative,

respectively. Sensitivity, Specificity, and Accuracy are the terms which are most commonly
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associated with a Binary classification test and they statistically measure the performance of
the test. In a binary classification, we divide a given data set into two categories on the ba-
sis of whether they have common properties or not by identifying their significance and in a
binary classification test, as the name itself conveys, we deal with two datasets. Of these two
categories, in general, Sensitivity indicates, how well the test predicts one category and Speci-
ficity measures how well the test predicts the other category. Whereas Accuracy is expected to
measure how well the test predicts both categories.

Table 6.5: Classification accuracy, precision and sensitivity for both drowsiness and wakefulness
stages

K Accuracy(%) Precision Sensitivity

Drowsy | Awake | Drowsy | Awake | Drowsy | Awake
=3 | 91% 89% 0.894 | 0906 | 0.909 | 0.891
=5| 90% 88% 0.884 0.9 0.901 0.88
=7 | 90% 87% 0.876 | 0.896 | 0.901 | 0.886

As it is shown in Table 6.5, the best drowsiness and wakefulness accuracy was obtained
when K = 3 with 91% and 89% correctly classified instances related to drowsiness and wa-
kefulness, respectively. For K =5 and K = 7 the accuracy of correctly classified drowsiness
instances is equal, however the classification rate of instances related to wakefulness is decrea-
sed by -1% when K = 7.

6.2.4 Drowsiness detection using the majority vote

We also collected the vote of 10 classifications results during each 5 seconds and then used

the majority of votes for final decision (see Figure 6.3).

The classification result related to

time segment of 0.5 second

/

@----'-----,

The votes of 10 classifications during 5 seconds

Figure 6.3: The votes of 10 classifications during 5 seconds are gathered and the majority vote is
considered as the conciousness state during each specific time period.
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As it is seen in Figure 6.3, each blue piece represents the classification vote related to time
segment of 0.5 second. These votes are collected and the majority vote during each 5 seconds
(of 10 votes) is considered as the corresponding conciousness state. Using this approach we

had an average detection accuracy of 92.68% over all instances in dataset.

6.2.5 Effectiveness of proposed approach by means of accuracy and clas-
sification time

In order to find how effective the feature selection and Kd-tree search algorithm were in
classification time reduction, we compared the classification time of proposed approach (using
Kd-trees and optimal features) with the non-optimal search and non-optimal features. Figure
6.4 shows the classification time using linear and Kd-tree searches for the dataset before and

after dimension reduction.
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Figure 6.4: K-NN classification time using linear and kd-trees search

Decreasing dimensionality by choosing the most informative features and using an appro-
priate search algorithm, improves the classification time significantly while it preserves the

classification accuracy.

In this section, the classification accuracy and classification time of datasets before and
after using dimensionality reduction and optimized search was discussed. It was found out that
by reducing dimension based on the selected features and using Kd-tree as an efficient search
algorrithm, the classification time is reduced significantly while preserving the classification

rate. By measuring the Random Forest and PCA classification performance, since a significant
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decrease in classification rate was observed, we decided to choose the selected features by
Random Forest. We also used time segments of 5 seconds in order to improve classification
accuracy by collecting the votes of 10 classification result and choosing the vote of majority
decisions during 5 seconds —as a result of 10 classifications —as the conciousness state during

an specific period of time.

6.3 Experiment 3 - Comparing results with others from the
literature

Although our approach succeeded to detect drowsiness with a high accuracy, it is important
to draw an analogy between the effectiveness of our approach with other studies. In order
to know how effective our approach is, we compared our results with those ones obtained in
other works where machine learning methods were engaged in sleepiness detection by using
single EEG recording. An efficiency comparison of the current approach versus the preliminary
proposals is shown in Table 6.6.

Table 6.6: An efficiency comparison of the current approach and the preliminary proposals that
used single EEG electrode

Study Classifier | Accuracy (%) | Epoch EEG samples
Correa et al. (CORREA; ANN 83.6% 5 sec 1375
OROSCO; LACIAR, 2014)
Aboalayon et al. SVM 92.5% 60 sec 6000
(ABOALAYON;
OCBAGABIR;
FAEZIPOUR, 2014)
Subasi et al. (SUBASI et al., ANN 93% 5 sec 5000
2005)
The current study K-NN 91% 0.5 sec 50
The current study K-NN 92.68% 5 sec 500

In comparison with the study carried out by Correa et al. that proposed using artificial
neural network with 19, 13 and 7 features and achieved 83.6% and 87.4% of drowsiness and
alertness correct detection, respectively (CORREA; OROSCO; LACIAR, 2014), the current
approach achieves a better classification accuracy with 91% and 89% correctly classified ins-

tances for drowsiness and alertness, respectively. Nevertheless, each instance in their dataset is
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related to the time segments of 5 seconds (sampling rate= 275 Hz), which is longer than the
time duration used in this work (0.5 second). The SVM classifier proposed by Aboalayon et
al. (ABOALAYON; OCBAGABIR; FAEZIPOUR, 2014) —which uses time segments of 60
seconds with sampling rate of 100 Hz —has +1.5% better classification rate than the proposed
approach in this paper, however, a simpler classifier and shorter epochs were used in the current
study (see Table.6.6). Additionally, by considering the classification results of our approach
using majority votes in time periods of 5 seconds, our approach achieves an even better classi-
fication rate by 92.68% in comparison with that study. Finally, in comparison with the results
obtained by Khushaba et al. (KHUSHABA et al., 2011) —that uses three EEG, one ECG and
one EoG channels and K-NN classifier —our mathod has -4% less accuracy, although we use
just one electrode for acquiring EEG data. The method proposed by Subasi et al. (SUBASI et
al., 2005) —which uses ANN as classifier —with 93% has a slightly better classification rate
than our approach, although they have used 5000 EEG samples (time segments of 5 seconds
with sampling rate of 1000 Hz) for identifying drowsiness.

In this section, a comparison of our results with those ones obtained in similar studies was
presented. Because the proposed approach calculates the EEG features based on the informa-
tion obtained from short time-segments (0.5 second with sampling rate of 100 Hz) then, less
information is needed to decide whether the subject is drowsy or not. As a result, the proposed
method offers a high classification accuracy using the data obtained from reasonably short EEG

epochs, so that drowsiness can be detected early enough in order to avoid car accidents.

6.4 Experiment 4 - Comparing the classification results of K-
NN with four other classification algorithms

In order to support the effectiveness of the current method and comparing the classification
accuracy, we repeated the classification task using four well-known algorithms: a) SVM b)
decision tree; c¢) logistic regression and d) Naive Bayes (see Table 6.7 and Figure 6.5). For
all the classification algorithms, the dataset was devided into train set and test set. The train
set contains the data of 8 subjects with 12669 and the test set contains the data of 3 subjects
with 12669 instances. In the this section the experiment of each classifier and results will be
explained. In order to measuring overfitting rate, the classification was also done using train set.
In the next sub-sections, the results which have been shown in Table 6.7 and Figure 6.5 will be

explained.
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Table 6.7: A comparison of accuracy, overfitting rate and classification time of five well-known
classification algorithms

Classification algorithm | Accuracy | Overfitting | Classification time (sec)
SVM 86% 1.1% 1.6
Decision tree 88% 8% 1.6
Logistic regression 80% 0.25% 1.9
K-NN 91% 7.4% 2.1
Naive Bayes 67% 2.4% 0.8
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Figure 6.5: An accuracy comparison between five different classifiers using the data obtained th-
rough the proposed approach.

6.4.1 SVM

SVM with the following parameters was used to be trained by train set and to classify
the test set: a) Pearson VII function-based universal kernel (as it yielded the best result); b)
the cost parameter C : C8{10’5, 1074,..., 102}, ¢) random seed equals to 1; and d) tolerance
parameter=0.001. SVM obtains the classification rate of 86% , however, it is worth mentioning
that it took nearly 8 hours for training however, after training, SVM could classify the test set

in 1.6 seconds. This algorithm had an overfitting rate of 1.1%.
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6.4.2 Decision tree

Decision tree (C4.5 as an extension of Quinlan’s earlier ID3 algorithm) was engaged in
classification task being set to the following parameters: a) prinnuing set to be true; b) number
of folds equals to 3 and c) confidence factor equals to 0.25. Decision tree managed to classify
the test set with 88% correctly classified instances. It also had the highest overfitting rate with
+8% of difference in detection accuracy when the trainset was engaged in classification process.

Moreover, it takes 14 seconds for classifying data using decision tree.

6.4.3 Logistic regression

Logistic regression with the following parameters was used to classify test set after being
trained by train set: a) huristicStop equals to 50; b) max boosting iterations set to be 500;
and c) weight trim beta equals to 0. Logistic regression achieved a classification rate of 80%.
Notstandingwith the lower classification rate of logistic regression in comparison with SVM
and decision tree, it had the least overfitting problem with only +0.25% better classification
rate when the same training data was used for classification. The classification time of logistic

regression was 1.9 seconds.

6.4.4 Naive Baye

Naive Bayes was train with the data of 8 subjects (the rain set) and then it was used to
classify the data existing in test set. This algorithm achieved a classification accuracy of 67%
which is the worst classification accuracy between the other methods. This might be caused by
the fact that Naive Bayes assumes that attributes are independent given a specific class, while in
the current problem EEG features vary dependently. Naive bayes reached a classification time
of 0.8 second which is the best time between other algorithms studied in this research. It also

had 2.4% overfitting rate.

In this section, the classification performance of SVM, decision tree, logistic regression
and Naive Bayes was investigated. Based on the aforementioned results, we can see that K-NN
—with classification rate of 91% and classification time of 2.1 seconds —with 7.4% has the
second high overfitting rate. Based on the data illustrated in Table 6.7, it is seen that K-NN
has the worst classification time between the other algorithms, although the time difference is
little. It is also revealed that even though the training time of SVM is too long, it is fairly fast
in classifying the test set. In the next section, the data related to each subject will be classified

independently so as to examine the possibility of developing user-adapted drowsy detection
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system in the future works.

6.5 ExperimentS - Classifying data of each subjects indepen-
dently

Even though the proposed generalized pattern can help predicting the future coming data
related to drowsiness for other subjects, adapting system for specific subjects may yeild even
better results that may be used in the future works. In this section classification results related

to each subject are discussed.

In order to find the detection performance using the proposed approach, we tested the clas-
sification results over all subjects. The detection accuracy, classification time and number of
instances related to each subject, and classification accuracy for subject-dependent and subject-
independent models with and without using the proposed majority vote method, have been

illustrated in Table 6.8 and Figure 6.6.

Table 6.8: The subject-dependent classification accuracy for 11 subjects for K-NN where K=3

Subject  Accuracy Classification time (sec) Number of instances

1 98.7% 0.3 1857
2 98.14% 0.2 1617
3 98.96% 0.4 2514
4 96.47% 0.2 1732
5 99.09% 0.3 1555
6 94.37% 0.2 1370
7 95.1% 0.2 1431
8 99.3% 0.2 1332
9 98.11% 0.3 1376
10 99.36% 0.2 1254
11 97.2% 0.3 1399

Average: 97.7%
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Figure 6.6: An accuracy comparison between subject-dependent and subject-independent models
using and without using majority votes

Table 6.8, illustrates the classification accuracy, classification time and the number of ins-
tances which exist in dataset of each subjects. As it is observable, in comparison with subject-
independent results which have been explained in the previous sections, the subject-dependent
classification accuracy for both single and average (97.7%) accuracy over all the 11 subjects is
higher. Furthermore, when the majority votes were used during time segments of 5 seconds, a
classification accuracy of 98.2% was achieved in average over all subjects. This suggests that
if we customize the system and train the classification algorithm with data obtained from a spe-
cific subject, we may have an even higher detection accuracy and consequently, an even more

accurate and faster automatic drowsiness detection system.

In this section, we compared the results obtained in our study with those ones acquired
through the similar studies which used single-EEG recording beside machine learning approach
for identifying drowsiness. Using a simple instance-based classification algorithm, features that
are easy to be calculated and much less EEG samples, our approach achieves an acceptable

sleepiness detection accuarcy in comparison with similar studies.

6.6 Summary

In this chapter, the experimental results of this study were explained in details. Firstly, we
measured the effectuality of each features. It was perceived that the first 11 features selected
ranked by Random Forest carry enough information for detecting sleepiness with 91% accuracy.
After selecting the most informative features, we compared the accyracy and classification time

with and without using dimencionality reduction and optimized search algorithm. It was reve-
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aled that using the proposed method, the classification time of K-NN is decreased significantly
while preserving the accuracy. We also proposed getting the votes of classification results du-
ring a time period of 5 seconds and using the majority of votes for final decision about the
subject’s consiousness stage. Additionally, the classification performance of five well-known
(but less used in drowsiness detection using EEG) algorithms compared. Finally, the subject-
dependent classification accuracy was computed over 11 subjects. The result show that with
average accuracy of 97.7%, we had an even better result when system is adapted with each

individual. In the next chapter a conclusion of the achieved results is presented.



Chapter 7

CONCLUSION

In this chapter a resumed review of activities carried out during this study, the conclusion
we came to through this work, papers published based on this work and the statement of

future works are presented.

Using a fast, accurate and simple classification algorithm is crucial in drowsiness detection
systems. We assumed that since some of the EEG characteristics related to drowsiness and
alertness share distinct areas in feature space, consequently, they can be classified by K-NN
(as an instance-based method) with a high accuracy. More specifically, we chose instance-
based approach for its advantage over other methods in terms of its flexibility of inductive
bias, easiness of the choice of learning parameters and its simlicity. Since using brute-force
searching is inefficient, Kd-tree was used as nearest neighbors search aiming to reduce the
search time. As it was mentioned, the query time of Kd-tree grows exponentially when the
dimensionality is increased. Thereby, we decided to reduce the dimensionality in order to use

the most informative set of features aiming at preventing search inefficiency issues.

As it was explained, when EEG equipments with large number of electrodes were used in
previous researches the discrimination rate was very high, although these kinds of EEG caps are
not usable in day to day life because they have three main defects. The first shorcoming of these
equipments is that they are not affordable. The second drawback concerns the configuration
complexity. Being intrusive is the third shortcoming which prevents the ease of use in daily
experimets. For avoiding these defects, the data of a single EEG electrode was gathered from a
publicly available EEG dataset. Then, using the simplest source of EEG data (just one electrode)
while classifying data by a simple classification algorithm, was the most challenging task of this
work. More specifically, since we insisted on both simplicity of use and implementation, it was
important that our approach has also an acceptable performance in comparison with preliminary

proposed methods in state of art.
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in order to find which signal features are more adequate for sleepiness detection, we calcu-
lated the mean energy of Delta, Theta, Alpha, Beta and Gamma sub-bands from frequency-time
domain. In the next step, we also calculated the values of Standard Deviation and Entropy
from time-domain. A higher mean energy of Delta, Theta and Gamma bands related to wa-
kefulness was observed in comparison with drowsiness sub-bands. This results are consistent
with those features that Random Forest selected as the most informative features. Moreover,
a higher value of Entropy and Standard Deviation were observed for drowsiness and wakeful-
ness stage respectively. Thus, the mean energy, Standard Deviation and entropy were used as
a deteminitive features for drowsiness detection. We observed that by using just sub-bands’
mean energy, it was possible to classify drowsiness by 77%. Also adding entropy and Standard
Deviation increased the detection accuracy by 14%. Eventually, a number of 326 sleep EEG
epochs obtained from 11 subjects were processed and finally 11 features and 17437 instances
were extracted. Each instance is related to a time-segment of 0.5 second. Because the time
segments are short, the decision making process can be done within a shorter period of time and
with less calculation. The features are also easy to calculate and can be obtained in real time.
Random forest and kd-trees were used to decrease dimensionality and to increase the search
speed, respectively. Drowsiness and alertness were detected efficiently, with 91% and 89% ac-
curacies, respectively. Our findings show that K-NN along with an adequate search algorithm
—considering the size and dimension of dataset —like kd-tress, can be used as an accurate and

fast classifier for automatic drowsiness detection.

Since this research is about road safety, we took some aditional steps aiming to achieve
even better results. First, we proposed collecting 10 classification results during time periods
of 5 seconds and using the vote of majority classification results and we reached a better result
with 92.68% accuracy. Moreover, the classification task —using the proposed approach which
suggest using specific features alongside an instance-based algorithm with optimized search
method —for each subject. The classification rate for each subject and the average rate over all
subjects (97.7%) shows that if the system is costumized for each user, we may have the most
accurate results while using data from single EEG electrode. By applying the majority votes
during time segmants of 5 seconds, our approach yeild an even better result by 98.2% accuracy

in average over all subjects.

Finally, a Matlab library was developed with the purpose of helping the other researchers
being able to extrcat and analyse data from Sleep-EDF [Expanded] database (or any other re-
corded sleep database based on Rechtschaffen & Kales scoring), readily. This framework con-
taines stationary wavelet denoising classes for the artifactual recorded data and two different

time-frequency decomposers including Morlet wavelet and short-time Fourier transform.
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7.1 Contributions

The major comtributions of this study are the followings:

1. Significantly decreasing the required EEG epoch for deciding about the sleep stage. As
it was described, using EEG epoch of 0.5 (in other words, 50 EEG samples considering
that the sampling rate is 100 Hz), leads having less calculation and detecting drowsiness

faster;
2. Introducing the mean energy as an adequate EEG characteristic for drowsiness detection;

3. Classifying the drowsiness EEG data recorded through a single-channel EEG, with a high
accuracy by using K-NN as a simple classification algorithm. Using simple classification
algorithm is crucial since it is easily implementable in simple devices like microcontrol-

lers;

4. Comparing the classification rate of five well-known algorithms including K-NN, SVM,

decision tree, logistic regression and Naive bayes;

5. Developing an open-source library for extracting the EDF and hypnogram data, denoising
the recorded EEG signals —if it is required, spectral analysis and frequency decomposi-
tion using Morlet Wavelet and short-time Fourier transform and feature extraction using
random forest algorithm. There are many aspects in sleep research that require standar-
dization, however, the toolbox does provide a good starting point for, at least, using the
signals from a popular database in a uniform manner. By making the code open source,
and available on GitHub, it is hoped that other researchers can contribute to it by adding

more functionality to the toolbox;

7.2 Publication

The results of this study have been published in 38th Annual International Conference of

the IEEE Engineering in Medicine and Biology Society (EMBC’16) (Qualis = B1).

7.3 Future works

The future development of this research will be focused on using a more accurate spec-
tral decomposer —for example, Wavelet transform (GIURGIUTIU; YU, 2003) —and finding
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better features, in order to reach an even better classification rate. Also, in the future works,
adaptable drowsy detection systems may be developed. Since drowsiness detection for single
subject yields more accurate results, a system which is trained by data of a specific user may
guarantee the driver safety through a more accurate detection. Lately single-EEG Bluetooth
headsets like Neurosky (FIOLET, 2011) have been used in some BCI researches. Unfortunately
these headsets are very noisy and are sensitive to artifacts caused by muscular movement. As
a result, if these headsets are used for data acquisition, an extra step ough to be added to the
procedure for removing artifacts. This additional phase may impact the whole drowsiness de-
tection time negatively. Thus, it seems necessary to apply the current method over data obtained
using this type of EEG equipment through an online experiment in order to evaluate its perfor-
mance and to tackle the possible obstacles. Finally, we intend to extend the functionality of the
developed Matlab toolbox by adding a variety of Wavelet decomposers and also, improving the

performance issues.
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