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Abstract

Driving a vehicle involves a series of events, which are related to and evolve 
with the mental state (such as sleepiness, mental load, and stress) of the driv-
er. These states are also identified as causal factors of critical situations that 
can lead to road accidents and vehicle crashes. These driver impairments 
need to be detected and predicted in order to reduce critical situations and 
road accidents. In the past years, physiological signals have become conven-
tional measures in driver impairment research. Physiological signals have 
been applied in various studies to identify different levels of mental load, 
sleepiness, and stress during driving. 

This licentiate thesis work has investigated several artificial intelligence 
algorithms for developing an intelligent system to monitor driver mental 
state using physiological signals. The research aims to measure sleepiness 
and mental load using Electroencephalography (EEG). EEG signals, if pro-
cessed correctly and efficiently, have potential to facilitate advanced moni-
toring of sleepiness, mental load, fatigue, stress etc. However, EEG signals 
can be contaminated with unwanted signals, i.e., artifacts. These artifacts can 
lead to serious misinterpretation. Therefore, this work investigates EEG arti-
fact handling methods and propose an automated approach for EEG artifact 
handling. Furthermore, this research has also investigated how several other 
physiological parameters (Heart Rate (HR) and Heart Rate Variability 
(HRV) from the Electrocardiogram (ECG), Respiration Rate, Finger Tem-
perature (FT), and Skin Conductance (SC)) to quantify drivers’ stress. Dif-
ferent signal processing methods have been investigated to extract features 
from these physiological signals. These features have been extracted in the 
time domain, in the frequency domain as well as in the joint time-frequency 
domain using wavelet analysis. Furthermore, data level signal fusion has 
been proposed using Multivariate Multiscale Entropy (MMSE) analysis by 
combining five physiological sensor signals. Primarily Case-Based Reason-
ing (CBR) has been applied for drivers’ mental state classification, but other 
Artificial intelligence (AI) techniques such as Fuzzy Logic, Support Vector 
Machine (SVM) and Artificial Neural Network (ANN) have been investigat-
ed as well. 

For drivers’ stress classification, using the CBR and MMSE approach, the 
system has achieved 83.33% classification accuracy compared to a human 
expert. Moreover, three classification algorithms i.e., CBR, an ANN, and a 
SVM were compared to classify drivers’ stress. The results show that CBR 
has achieved 80% and 86% accuracy to classify stress using finger tempera-
ture and heart rate variability respectively, while ANN and SVM reached an 
accuracy of less than 80%. 
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Sammanfattning

Att framföra ett fordon består av en serie handlingar som är relaterade till 
och påverkas av förarens mentala tillstånd som till exempel trötthet och 
stress. . Dessa mänskliga faktorer leder till en försämring av körförmågan 
och behöver därför identifieras tidigt för kunna upptäcka, lindra och i vissa 
fall förhindra kritiska situationer och trafikolyckor. I forskningssammanhang 
har fysiologiska signaler länge använts för att undersöka och bedöma föra-
rens tillstånd, och under senare år har ny sensor och datateknik fört fysiolo-
giska mätningar närmare produktionsfärdiga fordon. Fysiologiska signaler 
har använts i olika studier för att identifiera olika nivåer av sömnighet, och 
stress under olika körsituationer. 

Detta licentiatuppsatsarbete har använt artificiell intelligens (AI) för att 
utveckla algoritmer för övervakning av förarens mentala tillstånd med hjälp 
av fysiologiska signaler. Forskningen syftar till att mäta sömnighet, mental 
belastning och stress med hjälp av elektroencefalografi (EEG). Om EEG-
signaler analyseras korrekt och effektivt finns det potential att underlätta 
avancerad övervakning av sömnighet, mental belastning, trötthet, stress osv. 
EEG-signaler innehåller ofta mycket brus, så kallade artefakter, som kan 
leda till allvarliga fel vid en analys. Därför utforskar detta arbete metoder för 
att hantera EEG-artefakter och föreslår dessutom en automatiserad metod för 
artefakthantering. Därtill har denna forskning använt flera andra fysiologiska 
parametrar: hjärtfrekvens och heart rate variability (HRV), electrokardiografi 
(EKG), andningsfrekvens, fingertemperatur (FT) och hudkonduktans för att 
kvantifiera förarstress. Olika signalbehandlingsmetoder har utforskats för att 
extrahera intressant information från dessa fysiologiska signaler. Dessa me-
toder innefattar tidsdomänmetoder, t.ex. statistiska metoder, frekvensdo-
mänmetoder, såsom Fast Fourier Transformation (FFT) och wavelet-analys. 
Dessutom har signalfusion på datanivå gjorts med hjälp av Multivariate Mul-
tiscale Entropy (MMSE)-analys genom att kombinera fem fysiologiska sen-
sorsignaler. I försa hand har Case-Based Reasoning (CBR) använts för klas-
sificering av förarnas mentala tillstånd, men även andra AI-tekniker som 
suddig logik, stödvektormaskiner (SVM) och artificiella neurala nätverk 
(ANN) har använts för att klassificera förares mentala tillstånd. 

För klassificering av stress har systemet, med en kombination av CBR 
och MMSE, uppnått 83.3% klassificeringsnoggrannhet jämfört med en 
mänsklig expert. Dessutom har tre klassificeringsalgoritmer, CBR, ANN och 
SVM, jämförts för att klassificera förarnas stress. Resultaten visar att CBR 
har uppnått 80% och 86% noggrannhet för att klassificera stress med hjälp 
av fingertemperatur respektive HRV. I jämförelse uppnådde ANN och SVM 
mindre än 80% noggrannhet för dessa båda fysiologiska signaler. 
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Chapter 1 

This chapter presents an introduction, motivation, and outline of the thesis 
work. Research questions and research contributions are also presented 
here. 

Introduction
Driving safety is one of the top priorities in traffic administration of any 
country. National Highway and Traffic Administration (NHTSA)1 of USA 
has emphasized, “Driving safely is living safely”. The traffic administrations 
in different countries are working with different programs focusing on road 
safety. The mission of these road safety programs is to reduce the number of 
deaths and injuries by getting drivers change their behaviors while they are 
behind the wheel. For instance, the Swedish government is working with the 
so called “Vision Zero” a strategic program with the aim that none should be 
fatally or severely injured or killed while using road transport (IRTAD, 
2014).

Reduced vehicle control due to different driver mental states is one of the 
main reasons of road accidents. Driver states such as fatigue, stress, sleepi-
ness, visual inattention, workload etc., need to be detected and predicted in 
order to reduce and prevent critical situations road accidents. Much research 
have been done on drug and alcohol, and on other road safety related factors. 
In (IRTAD, 2014) it is reported that fatigue may be a stronger cause of road 
accidents than alcohol and drugs, and it causes 10-20% of the crashes. It is 
therefore important to identify appropriate indicators for the detection of 
driver states e.g., stress, fatigue, sleepiness, mental load etc. It is also im-
portant to understand the relationship between these driving states, and their 
influence on the driver and on driving performance.  

In a review article Yanchao et al. (2011) reports several projects that have 
been performed by car companies to develop driver monitoring systems. 
These projects include systems to detect driver distraction, drowsiness and 
fatigue detection system to alert drivers on-board. Most of these projects are 
based on remote cameras that are used to monitor the driver’s eyelid and 
where the driver looks. The authors reported that driver-monitoring systems 
based on subjective measures and driver’s physiological measures could 

1 http://www.nhtsa.gov/Driving+Safety 
2 http://www.es.mdh.se/projects/326-VDM___Vehicle_Driver_Monitoring_ 
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serve as a ground-truth indicator for driver impairments detection. An over-
view of driver monitoring systems using physiological signals is provided in 
the review article by Begum (2013). It is reported that such intelligent sys-
tems could be developed to assist professional drivers, personal car driver 
and even elderly drivers. System inputs can be one or several sensor signals 
to monitor physiological changes during driving and the system can give 
output in form of a warning, decision or advice, or information message. 
However, in real driving it is not possible to use obtrusive electrodes and 
there is an increasing interest in low-cost, non-contact and pervasive meth-
ods for monitoring physiological information for the drivers. 

This thesis focuses on the application of several signal processing and ar-
tificial intelligence methods/algorithms for diagnosing drivers’ mental state 
i.e., in terms of stress. For this purpose this thesis investigates several physi-
ological parameters and data fusion algorithms to classify drivers’ stress. 
Another focus of this thesis work is to identify and handle artifacts in Elec-
troencephalogram (EEG) signals. This thesis work is a part of the “Vehicle 
Driver Monitoring” (VDM)2 project collaboration with the Swedish Road 
and Transport Research Institute (VTI)3, Volvo Car Corporation (VCC)4, and 
Mälardalen University5. The goal of the VDM project is to investigate phys-
iological measures, expert judgment and self-rating as measures of sleepi-
ness and mental load. EEG is the main physiological signal of interest in this 
project to analyze driver sleepiness and mental load. 

1.1 Motivation 
Vehicle driving requires a high degree of concentration/attention, alertness 
and quick reactions. Driving involves a series of events that also triggers our 
stress levels. Driving itself causes stress. Scenarios like, short distances gap 
between following vehicles, being caught up or cut off, and the need to brake 
hard to avoid collisions are examples of why driving causes stress. Stress is 
the term that is connected to workload or mental load, sleepiness, and fa-
tigue. Lazarus (1966) defined stress as: “stress occurs when an individual 
perceives that the demands of an external situation are beyond his or her 
perceived ability to cope with them.” The quality of human performance is 
significantly influenced by stress, fatigue and metal workload. Fairclough 
and Mulder (2011) suggested that mental workload, stress and fatigue en-
gage a common mechanism of effortful adaptation to preserve the perfor-
mance and protect the individual’s personal goals. Moreover, long-term high 
mental load can cause stress and sleepiness that may lead to high risk in a 
driving situation. The moment we get behind wheel we experience fast 

2 http://www.es.mdh.se/projects/326-VDM___Vehicle_Driver_Monitoring_ 
3 https://www.vti.se/ 
4 http://www.volvocars.com/se 
5 http://www.es.mdh.se/ 
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changing circumstances and the effects of stress on driving performance 
depend on stress reaction of the driver and traffic environment. 

Physiological sensor signals such as Heart Rate (HR), Heart Rate Varia-
bility (HRV), and Finger Temperature (FT) represent the activity of autono-
mous nervous system (ANS) and key measures to diagnose stress. Most 
often single physiological signal is used for stress diagnosis, however some-
times it is required to analyze other signals as well. Parameters obtained 
from physiological signals could vary because of individual’s age, gender, 
physical conditions etc. and analyzing data from a single sensor could mis-
lead the diagnosis result. Today, one proposition is that sensor signal fusion 
can provide more reliable and efficient outcome than using data from single 
sensor. While diagnosis, experts or clinicians usually make decision based 
on the data that are collected from multiple sensor signals and actually they 
fuse those data and results to give a reliable and feature-rich judgment 
(Begum et al., 2014). The main advantage of using data/information from all 
available sources is that it helps to enhance the diagnostic visibility, increas-
es diagnostic reliability and reduces the number of diagnostic false alarms.  

On the other hand, interpreting brain waves or neural signals obtained by 
EEG recordings is an important research area, which plays a vital role in 
medical and health applications, and in Brain Computer Interfaces (BCI). 
For instance, sleep investigations are one of the domains where EEG is used 
frequently. Several other medical and health-related research areas where 
EEG is extensively used are, but not limited to, epilepsy, neuroscience, cog-
nitive science, and psychophysiological research. The EEG signal measures 
brain activity and is a diagnosis method of the central nervous system. It also 
contains important information about the mental state of the brain. EEG is 
the electric potential induced by current flows caused by synaptic excitation 
of dendrites of many pyramidal neurons in the cerebral cortex. The EEG 
signal is recorded from the scalp surface by electrodes and is characterized 
by its amplitude and frequency. However, EEG is a non-stationary and non-
linear signal, which is contaminated with noise. Klonowski (2009) has de-
fined EEG as ‘3N’: nonstationary, nonlinear, and noisy. Based on the source 
of the artifact, EEG artifacts can be divided into two categories a) Non-
physiological and b) Physiological artifacts. Physiological (or internal) arti-
facts in EEG signals are the main concern of this licentiate thesis. One of the 
crucial aspects of using EEG in medical applications as well as in BCI appli-
cations is to deal with noise and artifacts in the EEG signals. The problems 
with artifacts in the EEG signal are that they can make the EEG uninterpret-
able, can alter the appearance of the brain signal and even mimic any cere-
bral activity that lead to serious misinterpretation (Chadwick et al., 2011, 
Klass, 1995). 
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1.2 Problem formulation 
The objective of this thesis is to develop an intelligent driving monitoring 
system to classify driver’s mental state in terms of stress using physiological 
sensor signals and artificial intelligent methods.  

It is acknowledged that different human factors cause driver impairments, 
which could lead to critical situations or road accidents. It is established that 
physiological parameters such as HR and HRV, from the ECG signal, FT, 
SC, RR etc. can be used as a marker of various driver states including stress, 
fatigue, and mental load. The task to be solved is to develop a system using 
appropriate algorithms that can be applied to classify different driver state 
based on individual variations. Most previous studies in the field of driver 
state monitoring are based statistical approach and drivers self-rating to de-
tect or predict these driver states, whereas the use of decision support system 
is limited in this domain.  

One of the problems with EEG signals is that it is often contaminated 
with other physiological signals e.g., Electrooculography (EOG) and Elec-
tromyography (EMG) signals. Therefore, in EEG signal analysis it is re-
quired to handle artifacts in the EEG signals to acquire high quality EEG 
signal data. 

Based on the problem domain this thesis formulates the following re-
search questions: 

RQ1. How can physiological sensor signals be classified for monitoring 
driver stress? 

a) How multiple sensor signals can be fused to provide more reliable 
and accurate classification in driver monitoring?

RQ2. How various artifacts can be handled automatically in the EEG sig-
nals (with the subsequent aim of monitoring sleepiness and mental 
load for drivers using EEG data)? 
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1.3 Research contributions 
The contributions of this licentiate thesis have been presented in the included 
research papers and in the research contribution section in Chapter 6. The 
main contributions of this thesis are: 

RC 1. Experimental study on three popular machine-learning algorithms 
to investigate performance of them compare to human expert in 
identifying stress [PAPER I].  

RC 2. Multi-sensor data fusion masks error and erasures coming from in-
dividual sensors and provides better and more accurate estimation 
of measured variables. Data fusion is performed using Multivariate 
Multiscale Entropy Analysis to extract feature for case formula-
tion. Later cases are classified using Case-Based Reasoning system 
[PAPER II]. 

RC 3. Literature review on machine learning algorithms that have been 
frequently used in EEG artifacts handling [PAPER III]. 

RC 4. Study design for EEG data recording with various artifacts. The de-
signed protocol is targeted to record EEG data consists of ocular 
and EMG artifacts, where artifacts are occurred during driving sit-
uations. An approach based on Hierarchical clustering to identify 
and handle artifacts in EEG signals [PAPER IV] and [PAPER V].  
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Table 1 represents the association among research questions, contributions 
and included papers. 

Table 1. Association between research questions and contributions.
Research

Question 

Research

Contributions

Included Papers 

How can 
physiological
sensor sig-
nals be clas-
sified for 
monitoring
driver stress? 

a) How mul-
tiple sensor 
signals can 
be fused to 
provide more 
reliable and 
accurate
classification
in monitor-
ing drivers? 

Compare 
popular classi-
fication algo-
rithms to clas-
sify driver 
stress using 
physiological
signals [RC1]. 
Data and sig-
nal fusion for 
feature extrac-
tion from 
multivariate 
physiological
signal that is 
used for case 
formulation 
for CBR sys-
tem [RC2]. 

Barua, S., Begum, S., Ahmed, M.U. (2015) Su-
pervised Machine Learning Algorithms to Diag-
nose Stress for Vehicle Drivers Based on Physio-
logical Sensor Signals. In Proceeding of the 12th 
International Conference on Wearable Micro 
and Nano Technologies for Personalized Health, 
Västerås, Sweden, 2-4 June, 2015 (Paper I) 
Begum, S., Barua, S., Filla, R., Ahmed, M.U., 
(2014) Classification of Physiological Signals for 
Wheel Loader Operators Using Multi-Scale En-
tropy Analysis and Case-based Reasoning. In the 
Journal Expert Systems with Applications, 2014, 
Volume 41, Issue 2, Pages 295-305, ISSN 0957-
4174 (Paper II) 

How various 
artifacts can 
be handled 
automatically 
in the EEG 
signals (with 
the subse-
quent aim of 
monitoring
sleepiness
and mental 
load for 
drivers using 
EEG data)? 

Literature 
review and 
survey on 
EEG artifacts 
handling using 
artificial intel-
ligence algo-
rithms [RC3].  
A protocol for 
EEG data 
recording with 
various arti-
facts. An ap-
proach has 
been proposed 
using Hierar-
chical cluster-
ing to identi-
fied and han-
dle artifacts in 
EEG signals 
[RC4].  

Barua, S., Begum, S. (2014) A Review on Ma-
chine Learning Algorithms in Handling EEG 
Artifacts. In Proceeding of the Swedish AI Socie-
ty (SAIS) Workshop (SAIS, 14), Stockholm, 22-23 
May, 2014 (Paper III) 
Barua, S., Begum, S., Ahmed, M.U., (2015) 
Clustering Based Approach for Automated EEG 
Artifacts Handling. In Proceeding of the 13th 
Scandinavian Conference on Artificial Intelli-
gence (SCAI, 15) Halmstad, Sweden, 5–6 Nov, 
2015 (Paper IV)
Barua, S., Begum, S., Ahmed, M.U., (2015) 
Intelligent Automated EEG Artifacts Handling 
Using Wavelet Transform, Independent Compo-
nent Analysis and Hierarchal clustering. In the 
workshop on Embedded Sensor Systems for 
Health through Internet of Things (ESS-H IoT) at 
2nd EAI International Conference on IoT Tech-
nologies for HealthCare. Rome, 26-27 Oct, 2015
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1.4 Outline of the thesis 
This thesis work is divided into two parts. The organization of the first part 
is as follows: 

Chapter 1: An introduction of the thesis including motivation, research ques-
tions, and research contributions of the research work.

Chapter 2: Theoretical background of the methods and techniques that have 
been applied in this thesis work. 

Chapter 3: Experimental design and data collection procedures for driver 
monitoring i.e., stress classification. It also includes EEG data 
collection protocol for artifactual EEG recordings. 

Chapter 4: This chapter provides information on the related methods that are 
investigated in this thesis work. 

Chapter 5: Experimental work that has been carried out in this research is 
presented in this chapter. 

Chapter 6: Research contributions containing a summary of the included 
papers. 

Chapter 7: Related work explains existing related works on the research 
topic and problem domain i.e., various literature review. 

Chapter 8: Provides conclusion, and the future work. 
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Chapter 2 

This chapter presents background of the problem, which is the basis of the 
research work.  

Background
In modernize society, driving has become a common task in our daily activi-
ties and psychology researchers have studied the cognitive processes related 
to driving. Continuous attention is required during driving and integration of 
simultaneous information is processed while driving a vehicle. A basic ap-
proach for an intelligent driver monitoring system adopted from Begum 
(2013) is depicted in Figure 1. The system consists of preprocessing of input 
data that includes cleaning/filtering, artifacts handling etc.; fea-
tures/attributes extraction from the processed data that are used for training 
and testing the classifier; and perform driver physiological state classifica-
tion using one or more classification algorithms and provides feedback to the 
driver as an output.

Figure 1. Intelligent driver monitoring based on physiological sensor signals 
(Begum, 2013) 

2.1 Physiological Measures 
Physiological signals such as heart rate, respiration, blood pressure, and skin 
temperature are used to obtain individual’s level of concentration in terms of 
tiredness, fatigue and stress. Heart rate variability (HRV), and respiration 
and respiration patterns have become the parameters that are used to measure 

Intelligent Driver Monitoring System 

Classification Preprocessing Feature extraction 

Output to user Sensor Input 
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stress. HRV is calculated from the heart rate. Inhalations, exhalations, and 
breathing patterns can be obtained via respiration monitoring. 

HRV reflects activity in the autonomous nervous system (ANS) has there-
fore been used as an indicator of stress (Begum, 2011). A stress response can 
be indicated by low HRV and a relaxation response can be indicated by high 
HRV. Moreover, the heart rate increases with high workload and variability 
measures of HRV are expected to show a decrease in HRV under high work-
load and cognitive load. 

Skin temperature is a physiological parameter, which is used as an indica-
tor of brain activity, state of mind, or psychological state. Skin temperature 
depends on three types of factors: a) environment conditions, b) individual 
variables, and c) cognitive or psychological state. When controlling for the 
first two conditions the skin temperature can still vary 1 and 2 oC due to 
psychological states. Finger Temperature (FT) is one way of recording skin 
temperature. FT variation reflects the sympathetic and parasympathetic ac-
tivity in the ANS. In response to stress, sympathetic nervous system (SNS) 
activates and decreases the peripheral circulation and consequently FT de-
creases. The opposite situation occurs in response to relaxation when para-
sympathetic nervous system (PNS) activates. Hence, psychophysiological 
dysfunctions or stress related dysfunctions could be diagnosed by monitoring 
rise and fall of FT (Caramaschi et al., 1996). Changes in skin or finger tem-
perature occur within a few minutes. The amount of temperature change 
depends on the stressor and also varies on how individual response to stress. 
Stress diagnosis and biofeedback training are less expensive using FT than 
using other measures, which is an advantage usage of FT. Individuals re-
sponse to stress in their own way and FT is a simple and effective method to 
measure the stress level. 

2.2 Data Fusion 
Data fusion refers to combining or merging data/information from distinct 
sources to represent new set of information. Various definitions of da-
ta/information fusion can be found in (Elmenreich, 2001, Boström et al., 
2007, Wald, 1999, Wald, 1998). Many papers and research societies have 
proposed that the term “Data Fusion” should be used as an overall term for 
fusion. However, the term has not always been represented the same mean-
ing and to avoid misunderstanding of the meaning, the term “Information 
Fusion” has been used as the overall term for fusion (Elmenreich, 2001). 
Sensor signal fusion which is defined as a subset of information fusion 
(Elmenreich, 2001) is a method that gives the resulting information while 
using several sensors. Sensor fusion can be defined as: “Sensor fusion is the 
combining of sensory data or data derived from sensory data such that the 
resulting information is in some sense better than would be possible when 
these sources were used individually” (Elmenreich, 2001). Multi-sensor in-
formation fusion is the process of integrating data or information from mul-
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tiple sensors to improve the quality and accuracy of the information, which 
cannot be obtained using the sources individually. The advantages of using 
data/information from all available sources are that it helps to enhance the 
diagnostic visibility, increases diagnostic reliability and reduces the number 
of diagnostic false alarms. 

Figure 2. Levels of Information Fusion adapted from Cremer et al. (2001)

Information from multiple sources or same source over time is usually 
taken for the integration and/or combination to achieve information fusion. 
Three fusion levels are defines to combine different sensor signals (Cremer 
et al., 2001): 

• Data level is the fusion, which combines (unprocessed) sensor data. 
• Feature level is the fusion, which combines the features that are ex-

tracted from different sensors. 
• Decision level is the fusion, which combines detections (or detec-

tion probabilities) of different sensors. 

Three fusion levels depending on the input and output type are shown in 
Figure 2 (Cremer et al., 2001).  

Many studies in the multi-sensor information (data, feature and decision) 
fusion, attempt to answer the questions such as what, where, why, when and 
how (Dasarathy, 2001). The definition of information fusion answer the 
question ‘what’. The domains of the application and the motivation of the 
studies generally indirectly answered the questions ‘where’ and ‘why’. Most 
of studies’ effort is to answer the question ‘how’ in details by using various 
algorithms which are derived from different kind of disciplines. Probability 
and statistics, decision and estimation theory, pattern recognition and image 
processing, fuzzy logic, neural networks and artificial intelligence are such 
disciplines. The question ‘when’ is actually the answer to the question ‘when 
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to fuse’ or its complimentary question ‘when not to fuse’. Many fusion relat-
ed studies imply that fusion is always better since combining more infor-
mation can only help not hinder. However, many studies have shown that 
this assumption is not always valid and it can be defined, fusion benefits 
domain. 

2.3 EEG Artifacts Handling 
Like other biosignals, EEG is non-stationary, nonlinear and noisy and con-
taminates by other source of signals. These contaminations are referred to as 
artifacts, which are signals of other than brain activity. These artifacts can 
cause significant miscalculation of measurements that reduces the clinical 
usefulness of EEG signal. 

EEG is the electric potential that is recorded from the surface of the scalp 
and measured by the current flows when synaptic excitation of dendrites of 
many pyramidal neurons in the cerebral cortex occurs. EEG signals are rec-
orded from the scalp via electrodes and are characterized by amplitude and 
frequency. Daly et al. (2012) presents the metrics of clean EEG signal, 
which are as follows: 

Raw signal characteristics 
• Amplitudes should typically range between 10 and 100 µV (mostly 

below 50 µV). 
• The signal should generally exhibit rounded or arc shaped sinusoidal 

morphology. 
Alpha rhythm characteristics 
• The EEG between 8-12 Hz should exhibit a rounded or arc-shaped 

sinusoidal morphology. 
• Additionally, amplitudes typically take values in the range of be-

tween 10 and 100 µV. 
• Alpha rhythms are typically larger over paratial/occipital regions 

then frontal/central regions. 
Beta rhythm characteristics 
• The EEG between 13-35 Hz should exhibit a rounded sinusoidal 

morphology. 
• Amplitudes are typically lower than 30 µV. 

Power spectrum characteristics 
• Low frequencies typically exhibit high power while high frequencies 

exhibit low power. 

2.3.1 Sources of Artifacts 
Considering source EEG signal artifacts can be divided into two categories: 
Non-physiological and Physiological artifacts. Non-physiological, also 
known as external artifacts may result from errors in the recording device 
and also includes, but is not limited to, interference from electric fields, poor 
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electrode connection, electro-magnetic interference by nearby electronic 
devices etc. Besides, Daly et al. (2012) have mentioned some other causes 
e.g., power line noise at either 50 or 60 Hz, cable movement, sweating, elec-
trode movement etc. 

This thesis focuses mainly on the physiological (or internal) artifacts in 
EEG signal. These kinds of artifacts can be generated from the participant by 
body movement, eye blinking, eye movement etc. This can be classified into 
two categories: a) EMG artifacts and b) ocular artifacts.  

Both kind of artifacts i.e., EMG artifacts and ocular artifacts overlap with 
neural brain activity and recorded using sensors and increases the difficulty 
to correctly interpret the EEG signals. The hypothesis on these artifacts is 
that, they are independent from the brain activity, either collected from nor-
mal or pathologic subjects (Romo-Vazquez et al., 2007). 

EMG artifacts  
One of the most common EEG artifacts is the muscular artifact. Muscle arti-
facts include head movements, jaw clenching, eyebrow raising etc. Several 
studies have found that muscle artifacts have a frequency content mostly 
above 13 Hz (Xinyi et al., 2008). Cardiac activity such as heartbeats also 
causes EEG artifacts (Senapati et al., 2010, Jiang et al., 2007).

Ocular artifacts  
The eye acts as a dipole where the cornea is positive and the retina is nega-
tive. This potential difference can be recorded in an Electrooculogram 
(EOG) (Gratton, 1998, Shahbakhti et al., 2012). The EOG waveform de-
pends on various factors, for example, on the direction of the eye move-
ments. Eye blink artifacts have low frequency (<4 Hz) and large amplitude. 
They can be located on frontal electrodes (FP1, FP2); which have symmet-
rical activity and low propagation. Eye movement artifacts are also repre-
sented by low frequencies (<4 Hz) but with higher propagation (Pourzare et 
al., 2012, Shahbakhti et al., 2012).

Ocular artifacts (OAs) are often dominant over other physiological arti-
facts and most previous research are about dealing with ocular artifacts. 
From the EEG signal, neural information can be obtained below 100 Hz, and 
in many applications information lies below 30 Hz (Akhtar et al., 2012). In 
(Kiamini et al., 2009) the range of an EEG signal is 0 to 64 Hz and they 
mention that ocular artifacts occur within 0 and 16 Hz. A fraction of EOG 
noise can contaminate the EEG signal and ocular artifacts can produce 
strong peak in the EEG signals (Kiamini et al., 2009, Ghandeharion and 
Ahmadi-Noubari, 2009, Ruijiang and Principe, 2006, Shahbakhti et al., 
2012).

Eye movements may occur in any direction and can be considered as 
combinations of rotations over two angles (a vertical angle and a horizontal 
angle). Vertical movements will produce major changes along a sagittal axis, 
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whereas horizontal movements will produce major changes along a coronal 
axis. The vertical component can be estimated by using electrodes located 
above and below the eyes, and the horizontal component can be estimated by 
using electrodes located outside the outer canthus of each eye (Gratton, 
1998).
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Chapter 3 

This chapter presents the experimental design and data collection proce-
dures for driver stress monitoring. Protocol for artifactual EEG recording is 
also discussed in this chapter. 

Experimental Design 
One of the major tasks of any research is study design and data collection. In 
this thesis work data are obtained from three studies. Before data collection, 
participants were informed about the procedure and the purpose of the study: 

1. In [PAPER II] data are obtained from the research project “IMod-
Intelligent Concentration Monitoring and Warning System for Pro-
fessional Drivers”. In the project Volvo Construction Equipment 
(VCE) was responsible for the ethical approval and data collection.

2. In [PAPER IV] and [PAPER V], EEG artifactual data recording had 
been performed in a controlled environment at Volvo Car Corpora-
tion (VCC) for the Vehicle Driver Monitoring (VDM) project. In 
VDM project, VCC was responsible for data collection and ethical 
approval.

3. In [PAPER I], a small dataset was collected in-house at MDH. Be-
fore the data collection, participants had to sign a letter of consent 
saying that they were agreed to participate in the study. To secure 
drivers’ privacy no personal information, name and ID number have 
been used. Moreover, data collection in driving situation was con-
ducted in supervised i.e., two persons were constantly monitoring 
the driver. 

3.1 Driver Stress Monitoring 
In the study, data were collected from 16 individuals (healthy and medica-
tion free) aged between 26-50 years old. All participants were informed 
about the experimental setup before the data collection and some contextual 
data such as age, sleeping duration at night before the data collection, medi-
cation, driving experience etc., had also been collected. Each participant also 
rated his or her subjective stress level. A medical expert used these contextu-
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al data during stress classification. Airpass and C2 devices were used with 
“cStress6” (pbm.se) software to collect the data. Five sensor signals i.e. heart 
rate (HR), finger temperature (FT), respiration rate (RR), CO2, and oxygen 
saturation (SPO2) were recorded, where the Airpass device was used for 
RR, CO2, and SPO2 signals and the C2 device was used for HR, and FT. 
EEG signals were collected using the NeXus-10 Mark II7, the device com-
municates wirelessly in real-time. In EEG data collection the 10-20 system 
was used for electrode placement. The electrodes were placed at the loca-
tions Fp1, Fp2, Cz (ground), A1 and A2 (references). The EEG data were 
recorded at a sample rate of 256Hz. Then the data were filtered using a 1-45 
Hz band-pass filter.  

Data collection was carried out in two phases: i) profile data collection in 
the lab settings and ii) real road driving situation. Among the 16 participants 
all of them participated in the profile data collection, however, only 10 par-
ticipants performed the driving task. Here, 4 of the participants has more 
than 10 years of driving experience, 3 of them had had their driving license 
for approximately 5 years and 3 were novice drivers. 

Each individual has a different response to workload and stress; hence 
some sort of calibration is required to correctly evaluate the psychophysio-
logical measurements. A Psychophysiological Stress Profile (PSP) (Begum 
et al., 2006), which is a standard procedure for clinical work in patients with 
stress related dysfunctions was used to collect profile data. Table 2 shows 
the PSP that records 15 minutes of data and consists of six steps. In each 
steps guidance was given to the participant.  

Table 2. Physiological stress profile adopted from (Begum et al., 2006) 

Step Parameter Observation 
Time 

Description

1 Base Line 3 min Read silent of a neutral text 
2 Deep Breathing 2 min Deep breathing under guidance, approxi-

mately 6 bpm 
3 Verbal Stress 2+2 min Two periods of thinking about a stressful 

situation, feedback and guidance in-
between

4 Relax 2 min Relaxing with closed eyes, normal breath-
ing

5 Math Stress 2 min Perform mathematical calculation
6 Relax 2 min Relaxing with closed eyes, normal breath-

ing

6 PBM stress medicine, Sweden 
7 MINDMEDIA neuro and biofeedback system with BioTrace+ software  
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The second step of the data collection was performed in real road driving. 
In real road driving, the selected route was in the central area of the city with 
busy traffic, distance approximately 3.5 km. The drivers drove from a start 
point to a specific end point, then had a 30 seconds break before driving 
back to the point. Therefore, we obtained two driving session data for each 
driver. Data were collected between 3:30 PM and 4:30 PM in the evening 
during office hours. This time was selected because of assessing stress level 
in heavy road traffic. A 5 minutes time constraint was imposed for each driv-
ing session and after 4 minutes in every 10 seconds interval, drivers’ were 
informed about the time left to reach the destination. 

In [PAPER II] data have been obtained from the 18 wheel loader opera-
tors using the Psychophysiological Stress Profile (PSP) and during wheel 
load operations. 

3.2 Experiment design for artifactual EEG recording 
In order to collect artifactual EEG data, a collection protocol has been design 
that can obtain both ocular and muscle artifacts in EEG signals. 

The aim of this experiment was to collect EEG signals containing artifacts 
that are common during driving, with the subsequent goal to identify and 
handle various artifacts (e.g., ocular artifacts, EMG artifacts) in the EEG 
signals that are correlated to vehicle driving. The main signal in this experi-
ment is EEG. Other physiological signals such as EOG, ECG and EMG were 
recorded as reference signals. 

Table 3. Study parameters 
Indicator Description 
Time duration Approx. 25 minutes (baseline + movement) 
Trials 5 trail per participant 
Signal EEG 
Reference signals EOG, EMG, ECG 
Target artifacts Eye blink, eye movement, facial muscle movement (yawning, 

talking etc.), head movement, muscle movement 

Data were collected from 10 test participants both male and female, and 
age between 18-50 years old. Participants were healthy, no neurological or 
psychiatric disorder. Drugs and medication consumption was an exclusion 
criteria. The participants were not allowed to consume alcohol during 48 
hours prior to the day of recording. 

The data collection was divided into two fold: a) baseline data collection 
to get as clean EEG data as possible, b) while performing different move-
ments e.g., eye, head, and muscle movements. 
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Baseline Recording: the experiment started with a baseline measurement 
to obtain a clean dataset consists of four minutes recording. In this 
procedure, the participant was sitting still in a relaxed position for two 
minutes with eyes closed, then another two minutes with eyes open (van de 
Velde et al., 1998, Leutheuser et al., 2013, Lawhern et al., 2012, Xinyi et al., 
2008).

Movement Recording: The participant was sitting on a chair, facing a 
monitor/screen at eye level (Goncharova et al., 2003, Gwin et al., 2010). List 
of movements are listed in Table 4.
Table 4. List of movements
Movement Time Description 
Eye movement 
only/ Fixation 

3 * 4 s Moving the eyes left, right, up and down whilst keep-
ing the head still. 
Fixation: Fixate a point in the center of the screen. 
When the point changes colour, fixate the speedometer 
instead.
Fixation: As above, but left mirror 
Fixation: As above, but right mirror 
Fixation: As above, but center mirror 
Smooth pursuit: An animated object will be moving on 
the screen on screen and participant will instruct to 
follow movement of the object accordingly. 

Eye and head 
movement/ 
Fixation

3 * 4 s Keeping the eyes fixed in the center whilst moving the 
head left, right, up and down. This movement gener-
ates movement in both the eyes and head at the same 
time. 
Fixation will be same as above. 

Eye blink 15 s A natural blink, keeping the eyes and head still. Or, 
participants are instructed to blink the eyes following 
some object flashing on the monitor 

Saccades 15 s Two objects as some distance from each other display-
ing on the screen and participant will look first at one 
then at the other. 

Jaw clenching 
and yawning, 
talking

50 s Moving and clenching jaw like chewing gum and 
yawn. The participant will have some conversion. 

Hand move-
ment 

20 s Moving hand to take an object from the side table and 
put it down again. Or, in a desktop simulator (e.g. 
game console with steering wheel) participant will turn 
steering wheel, change gear to generate hand move-
ments. 

Motion artifacts 55 s Look over shoulder, moving trunk forwards back-
wards, stretching, slumping 
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Instructions for different movements were displayed on the monitor in 
time intervals. Each type of movement was performed in separate run 
consisting of 5 repetitions. At the beginning of each run, instruction 
appeared on the screen to inform the participants. The total duration of the 
recording for each participant was approximately 25 minutes. 

For eye and head movement, a marker was moving from left to right, 
right to left and in the up/down direction sequentially and the participant was 
instructed to follow the symbol on the screen. Each movement task consisted 
of 3 sec with 2 sec intervals in between each task. A moving target was used 
to collect smooth pursuit eye movements.  

In the case of eye blink, a dot was displayed on the screen while the par-
ticipant stared at the screen (Lawhern et al., 2012, Noureddin et al., 2009, 
Kierkels et al., 2006). To obtain natural eye blinks, the dot disappeared and 
immediately reappeared on the screen every 2 seconds, and the total record-
ing time was 15 s. To invoke saccades or series of saccades, the participant 
was instructed to follow a target that randomly jumped around on the screen 
every 2 seconds. This process continued for 15 seconds. 

Jaw clenching and yawning were performed according to visual cues dis-
played on the monitor (Xinyi et al., 2008, Goncharova et al., 2003, Junfeng 
et al., 2010).

Motion artifacts were obtained from hand movement, leaning head 
against the headrest, looking over the shoulder (left – blind spot, right – to a 
passenger in the back seat), looking left and right like in an intersection. 
Also, moving trunk forwards backwards, stretching, slumping (Anund et al., 
2013). This exercise consists of 55 seconds. The task for motion artifacts is 
divided into four segments; a) look over shoulder (15 sec), b) trunk move-
ment (15 sec), c) stretching (15 sec), and d) leaning head (10 sec). 
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Chapter 4 

This chapter presents a brief description of the methods and techniques that 
are used in the thesis for classification of data using artificial intelligence 
methods.

Methods

In this thesis for drivers’ stress classification features have extracted from 
five physiological signals i.e., Heart Rate, Heart Rate Variability (HRV), 
Respiration Rate, Finger Temperature (FT), and Skin Conductance (SC). 
Furthermore, Multivariate Multiscale Entropy Analysis (MMSE) has been 
applied to extract features to formulate a case by fusing these physiological 
signals and the Case-Based Reasoning (CBR) approach is applied to classify 
the cases by retrieving most similar cases from the case library. In addition, 
drivers’ stress classification has been done using Artificial Neural Network 
(ANN) and Support Vector Machine (SVM) to investigate classification 
accuracy among CBR, ANN, and SVM.  

Independent Component Analysis (ICA), Wavelet, and Hierarchical clus-
tering are methods used to identify and handle artifacts in EEG signals along 
with feature signal processing methods for extraction.  

4.1 Feature Extraction 
Features have been extracted from physiological signals in time domain us-
ing statistical measures, frequency domain, and using data fusion. 

4.1.1 Heart Rate Variability (HRV) 
The heart is not operating in a regular, steady rhythm. Even in resting condi-
tions, the heartbeats are irregular and also the signal pattern varies from per-
son to person. Heartbeats are frequently varying with the time interval. This 
beat-to-beat variation in heart rate is called the HRV. HRV becomes a pa-
rameter in patient chart like other parameters such as pulse, blood pressure 
or temperature. HRV has been used as a diagnosis tool in many disease pro-
cesses. HRV represents the activity of ANS therefore it is frequently used as 
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a quantitative indicator of stress (Begum, 2011). HRV measures have been 
described in (Electrophysiology, 1996) as the standards of measurement, 
physiological interpretation, and clinical use. 

Time domain and frequency domain methods are used to extract fea-
tures for HRV analysis. Standard HRV measurements are listed in Table 5 
and Table 6. Time domain features are obtained by applying statistical 
methods on the Inter-beat-interval (IBI) signals. 
Table 5. List of HRV time domain features  

Variable Units Description 
SDNN ms Standard deviation of all NN intervals. 
RMSSD ms The square root of the mean of the sum of the squares of 

differences between adjacent NN intervals. 
SDSD ms Standard deviation of differences between adjacent NN 

intervals.
NN50 count Number of pairs of adjacent NN intervals differing by 

more than 50 ms in the entire recording. Three variants 
are possible counting all such NN intervals pairs or only 
pairs in which the first or the second interval is longer. 

pNN50 % NN50 count divided by the total number of all NN in-
tervals.

To get frequency domain features, power spectrum estimate (PSD) is cal-
culated for the IBI series. In frequency domain Fast Fourier Transformation 
(FFT) has been used to obtain PSD. One problem with FFT is spectral leak-
age and to reduce spectral leakage data segmentation and window function is 
applied to the data and segments are allowed to overlap. PSD is estimated 
using the Welch's periodogram by the following Equation 4.1. 

(4.1)

Where w = (w0,......,wD-1) is discrete window function, x(m)  is the m-th da-
ta segment, M is the number of segments, M is the number of segments and 

 is the window energy. Selected features in frequency domain 
are presented in Table 6. 
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Table 6. List of HRV frequency domain features 

Variable Units Description Frequency range 
VLF ms2 Power in very low fre-

quency range 
≤0·04 Hz 

LF ms2 Power in low frequency 
range

0·04–0·15 Hz 

LF norm n.u LF power in normalised 
units
LF/(Total Power–
VLF)×100

HF ms2 Power in high frequency 
range

0·15–0·4 Hz 

HF norm n.u HF power in normalised 
units
HF/(Total Power–
VLF)×100

LF/HF  Ratio LF [ms2]/HF [ms2]
Total power ms2 Variance of all NN inter-

vals
approximately ≤0·4 Hz 

VLF ms2 Power in the very low 
frequency range 

0·003–0·04 Hz 

LF ms2 Power in the low frequen-
cy range 

0·04–0·15 Hz 

HF ms2 Power in the high frequen-
cy range 

0·15–0·4 Hz 

4.1.2 Respiration rate 

From the respiration rate two features are extracted. Mean respiration rate 
is obtained in time domain like HRV. In frequency domain, Dominant Res-
piration Frequency (DRF) is the maximum energy frequency and lies be-
tween the frequency range 0.1 Hz and 1.5 Hz (Rigas et al., 2011). Respira-
tion features are listed in Table 7. 
Table 7. List of Respiration Features 

Variable Unit Description 

Mean RR bpm Average respiration rate i.e., breath per minute 

DRF  maximum energy frequency in the frequency range 
0.1 Hz and 1.5 Hz 

4.1.3 Finger Temperature 
During stress, the FT decreases and increase again in a relaxation state. The 
degree of change in FT is here used as feature. High positive angle indicates 
a rising in temperature and negative angle indicates a decrease in tempera-
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ture. A slope-based method is applied to extract features from FT. The slop 
is estimated using Equation 4.2. 

 (4.2) 

Where f denotes the number of features, i is the number of samples and 
 is the average of the samples. These slope values are then converted via 

the arctangent function, to get values of angle in radians (-pi/2 to +pi/2) that 
are eventually converted to degrees. Detailed can be found in (Begum, 
2011).

4.1.4 Skin Conductance 
Skin conductance increases during stress and decreases in a relaxation state.  
Therefore, same method used for FT features extraction is used to obtain 
features from the SC using Equation 4.2.  

4.1.5 Data Fusion Using Multivariate Multiscale Entropy Analysis  
In the proposed system, the Multivariate Multiscale Entropy Analysis 
(MMSE) algorithm has been applied on five sensor signal measurements 
(i.e., HR, IBI, FT, SC and RR) to quantify complexity of the sensor signals. 
A schematic diagram of the feature extraction and case formulation using 
MMSE is shown in Figure 3.

Figure 3. Data fusion approach using MMSE algorithm

The MMSE supports entropy estimation of multivariate/channel data 
where traditional entropy algorithms quantify regularity of time series on a 
single channel. There are mainly two steps to calculate the multivariate mul-
tiscale entropy (MMSE) analysis and they are: 

a) Define temporal scales by averaging p-channel time series using the 
coarse graining method. The coarse-grained process is obtained by 
the Equation 4.3

(4.3)
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Where, N is number of data points in every channel,
, is a p-varieties time series,  is the scale factor,  

 is the channel index and   is the coarse-grained da-
ta.

Figure 4. Illustration of coarse-grained process in MMSE for scale factor 2 and scale 
factor 3.

b) Evaluate multivariate sample entropy (MSampEn) for each coarse 
grained multivariate data. The MMSE analysis returns a linear vec-
tor based on the scale factor. To calculate MSampEn, for each p-
variate time series a composite delay vector has been constructed us-
ing Equation 4.4. 

(4.4)

Where is the embedding vector, 
 the time lag vector and composite delay vector

, where .

Estimation of MSampEn is presented in Equation-4.5 

(4.5)

Where M is embedding vector,  is time lag vector, r is threshold and N is 
multivariate time series Bm and Bm+1 are the frequency of occurrence for the 
length m and m+1 respectively. 
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The MMSE analysis returns a linear vector based on the scale factor. The 
scale factor is highly dependent on the length of data. However, the MMSE 
estimates are consistence for data length N ≥ 300 (Ahmed and Mandic, 
2012). A detailed description of the MMSE algorithm is available in (Ahmed 
and Mandic, 2012, Ahmed and Mandic, 2011). 

4.1.6 Features for EEG artifacts detection 
The Hurst Exponent is often used evaluate the self-similarity and correlation 
properties of fractional Brownian noise. It is the measure of the smoothness 
of a fractal time series based on the asymptotic behavior of the rescaled 
range of the process. For a time series of length n,  Hurst 
exponent can be calculated by Equation 4.6 

(4.6)

Where T is the duration of the sample of data, R is the range of first n 
values, S is the standard deviation, and R/S is the corresponding value of 
rescaled range. Long-range dependencies and its degree in time series can be 
evaluated using Hurst exponent. 

The Hjorth’s descriptors are defined by three descriptors as activity, mo-
bility and complexity (Palaniappan, 2010, Hjorth, 1970). The activity, mo-
bility and complexity are calculated as follows: 

Activity( )=  (4.7) 

Mobility( )= (4.8)

Complexity =  = (4.9)

Here, Activity( ) is the variance of the normalized signal, and is the 
standard deviation of the first derivative of .

Skewness is a measure that estimates the degree of deviation from the 
symmetry of a normal or Gaussian distribution. It has been used to identify 
artifacts (Daly et al., 2012, Shoker et al., 2005) that provide some measure of 
distribution of amplitude values of EEG signal. Eye blinking increases the 
symmetry of the EEG signal segments and has positive or negative skew-
ness. Moreover, EOG components have high skewness than normal EEGs 
(Shoker et al., 2005). Skewness corresponds to a third-order statistic of the 
data and it is calculated Equation 4.10. 

(4.10)

Where   is one of the N signal, E is the statistical expectation function 
of  and  is the standard deviation. Eye blinking increases the symmetry 
of the EEG signal segments and has positive or negative skewness. 
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Kurtosis is the fourth-order central moment of a distribution that charac-
terizes the relative flatness or peakedness of a signal distribution. The Equa-
tion 4.11 defines kurtosis. 

(4.11)

Where X is the signal and E is the statistical expectation function of X.
highly positive kurtosis indicates highly peaked distribution in the signal 
(Ikuno et al., 2011, Singla et al., 2011).

Two features are adopted from (Winkler et al., 2011), one is  that de-
scribes the deviation of a component’s spectrum from a prototypical 
1/frequency curve and its shape; and the second feature is the average log 
band power of the frequency band between 8 and 13 Hz. 

The Spectral ratio (Ma et al., 2012) has been proposed as a feature of 
muscle artifacts that estimates power spectral ratio of two frequency ranges. 
The Spectral ratio can be expressed as: 

  (4.12) 

(4.13)

(4.14)

Where  is the i-th signal and f is the frequency range that we are inter-
ested to compute. 

The Energy ratio is proposed in (Nguyen Thi et al., 2013) and calculates 
the weighting parameter for all independent components and the reasoning 
ration is chosen instead of energy is that energy can vary from component to 
component. It is obtained from each component using the following equita-
tion:

 (4.15) 

The Spectral edge frequency (SEF) is another frequency parameter that is 
sensitive to high frequencies. SEF is defined by minimal frequency below 
which 95% percent of the total powers of a given signal are located. Muscle 
activity results more power in the high frequency range which shifts the SEF 
towards the end of the spectrum (van de Velde et al., 1998). 

4.2 Method for EEG Artifacts Handling 
In the literature, there are several methods and algorithms for EEG artifacts 
detection and removal. However, most of the methods are to correct ocular 
artifacts in the EEG data. Many of the studies discussed about muscle arti-
facts in the EEG signal. Most procedures or approaches that are used for 
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EEG artifact correction are mostly based Regression (Kandaswamy et al., 
2005, Croft and Barry, 2000), Principal Component Analysis (PCA) 
(Schachinger et al., 2007), Independent Component Analysis (ICA) 
(Delorme and Makeig, 2004, Delorme et al., 2007), Empirical Mode De-
composition (EMD) , Wavelet denosing (Raghavendra and Narayana Dutt, 
2011)

4.2.1 Independent Component Analysis 
In many research disciplines, including neural network research the funda-
mental problem is to find a suitable representation of multivariate data. For 
computational simplicity the representation is often required as a linear 
transformation of the original data. Independent component analysis (ICA) is 
a method which finds a linear representation of non-Gaussian data where 
data are statistically independent (Hyvärinen and Oja, 2000). 

Independent component analysis (ICA) is a statistical method, which can 
decompose observed signals in to statistically independent components. ICA 
assumes a data model , where X consists of queued column vectors 
of data recorded from individual EEG channels, A is a weight matrix for 
mixing independent components back to original signals, S is queued col-
umn vector of statistically independent components. 

The M observed EEG signals  are gener-
ated as a sum of the N independent components 

 : 

(4.16)

The mixing matrix A consists of the mixing coefficients  

In the ICA model, the number of sources N and the mixing matrix A are 
usually unknown. It is commonly supposed that M=N and the task the of 
ICA method is to recover unknown source signals  by introducing the 
unmixing matrix W: 

(4.17)

W is inverse matrix of the mixing matrix A. W obtained by considering the 
independence of the signal. Y represents the independent components that 
are estimates of sources S. Since there is no knowledge of matrix A, it is not 
possible to determine W exactly. Several ICA algorithms have been devel-
oped in the recent years. The most common and frequently used ICA meth-
ods are, FastICA(Hyvärinen and Oja, 2000), Infomax (Delorme et al., 2007, 
Gwin et al., 2010, Zhaojun et al., 2006), Second Order Blind Identification 
(SOBI) (Romo-Vazquez et al., 2007, Delorme et al., 2007), Joint Approxi-
mation Diagonalisation of Eigen matrices (JADE), Canonical Correlation 
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Analysis (CCA), RADICAL (Robust, Accurate, Direct Independent Compo-
nents Analysis aLgorithm). 

Comparison of ICA algorithms for EEG artifact corrections has been 
done in several studies (Krishnaveni et al., 2005, Tran et al., 2009). In the 
paper (Krishnaveni et al., 2005), authors have compared OGWE (Optimized 
Generalized Weighted Estimator), MS-ICA, JADE, SHIBBS (Shifted Block 
Blind Seperation), Kernel-ICA and RADICAL ICA algorithms for ocular 
artifacts detection in EEG signal. Based on the results authors reported that 
RADICAL algorithm performed best to separate source signals from the 
recorded signals. Tran et al. (2009) compared ICA, SOBI and Canonical 
Correlation Analysis (CCA) and suggested that SOBI is most suitable for 
separating ocular sources from EEG signal. In (Delorme et al., 2007) three 
ICA methods have been compared for artifact detections. These ICA meth-
ods are Infomax ICA, SOBI and FastICA and from their experimental results 
authors found that Infomax ICA was best for detecting artifacts in the EEG 
signal. Four ICA algorithms (SOBI, RobustICA, JADE, and CCA) have 
been compared by (Miljkovic et al., 2010, Matic et al., 2009) to remove 
ECG artifact from EEG signals. In Matic (2009), the results indicate that 
SOBI and CCA are efficient in extracting sine waves. It is also reported that 
SOBI performed good for low amplitudes of ECG artifacts. On the other 
hand, RobustICA and JADE out performed SOBI and CCA for separating 
the spike train signals. Miljkovic (2010) found from their comparison results 
that SOBI and CCA methods are more successful in identifying ECG arti-
facts than JADE and RobustICA. 

Djuwari (Djuwari et al., 2005) discussed about the advantages and disad-
vantages of using ICA for artifact correction. ICA has several advantages: 

• It is generally applicable to removal of a wide variety of EEG arti-
facts.

• Separate analyses are not required to remove different classes of ar-
tifacts.

• It simultaneously separates both the EEG and its artifacts into inde-
pendent components based on the statistics of the recorded field 
maps, without relying on the availability of ‘clean’ reference chan-
nels. This avoids the problem of mutual contamination between re-
gressing and regressed channels. 

• Once the training is complete, artifact-free EEG records in all chan-
nels can be derived by simultaneously eliminating the contributions 
of the identified artifactual components.  

• In nearly every case, ICA preserves and recovers more brain activity 
than PCA in decomposing both simulated and real EEG data. 

The disadvantage of ICA is that it requires fulfilling some prerequisite 
conditions.

• The sources must be statistically independent. 
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• The sources must have non-Gaussian distributions. 

However, EEG source analysis problem satisfies these ICA assumptions 
(Makeig et al., 1996), since the assumption is that the complexity of EEG 
dynamics can be modeled as a collection of statistically independent brain 
processes. Moreover, ICA can still estimate the sources with small degree of 
non-Gaussianity.

• The number of available mixtures N must be at least the same as the 
number of the independent components M. 

• The mixtures must be (can be assumed as) linear combination of the 
independent sources. 

• There should be no (little) noise and delay in the recordings. 

ICA also suffers from the following unavoidable ambiguities. 

• The order of the independent components cannot be determined (it 
may change each time the estimation starts). 

• The exact amplitude and sign of the independent components cannot 
be determined. 

• Compared to PCA, ICA removes the constraint of orthogonality and 
forces components to be approximately independent rather than 
simply uncorrelated. 

• Another problem of using ICA is that the extracted components do 
not confirm the original scale and sequences. 

4.3 Classifications methods 
In driver monitoring system as shown in Figure 1 the classifier performs 
driver physiological state classification using one or more classification al-
gorithms and provides feedback to the driver as output. In the classification 
scheme, it is required to use a best-fitted classifier based on the domain 
knowledge. For the driver stress classification different classification meth-
ods have been applied: CBR, ANN, and SVM. CBR is different from other 
methodologies since most of AI techniques such as neural networks, Bayesi-
an networks and decision trees usually over generalize the problem.

4.3.1 Case-Based Reasoning 
CBR is a family of AI approaches that builds on past experience to solve 
current problems. According to Mitchell (1997) CBR is an instance-based 
method that is a lazy learning method i.e., it does not try to reason until it has 
to. Moreover, in a CBR system, new query instances are classified by ana-
lyzing similar instances while ignoring instances that are very different from 
the query.

CBR is a methodology that solves problems based on previous experienc-
es, similar to how humans reason when learning and solving problems. 
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Kolodner (1992) described CBR as a reasoner that solves a new problem by 
remembering and using previous situations similar to the current. The term 
‘case’ represents an experience that is achieved from a previously solved 
problem. The term ‘based’ means in CBR cases are the source for reasoning. 
Finally, the term ‘reasoning’ means the approach of problem solving i.e., the 
intension of CBE is to solve a problem by drawing conclusion using previ-
ously solved cases (Michael and Rosina, 2013). 

In developing a CBR system, the first task is the case formulation, which  
represents the instance of things or a part of a situation that we have experi-
enced. A case library or case based is built from the formulated cases where 
each case comprises unique features to describe a problem. Aamodt and 
Plaza (1994) have described the CBR cycle, which contains four steps that 
are Retrieve, Reuse, Revise and Retain, as we can see in Figure 5.

Figure 5. CBR cycle adapted from Aamodt and Plaza (1994)

In CBR cycle the first step is the Retrieval, in which the system searches 
case library for cases that resemble the new problem description. The system 
retrieves most similar cases by calculating the similarity of new case and 
stored cases. The retrieved most similar cases are rated according to their 
similarity to the new case and are sent to the reuse step in order to develop a 
solution for the current case that needs to be solved. The nearest neighbor
(kNN) is one of the most common and used similarity measures (Michael 
and Rosina, 2013, Watson, 1998), which can be calculated by the Equation 
4.18.
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Where T is the target case, S is the source case, n is the number of features 
in each case, i is the index of individual features, f is the similarity function, 
and w is the weighting parameter of i-th feature. 

The next step in Figure 5 is the Reuse that adapts solutions from the re-
trieved cases to acquire a solution for the new case. Solution can be pro-
posed easily by returning the retrieved and unchanged solution. However, 
usually the best matching case does not always provide a complete solution 
for a new problem case and therefore adaptation of the solution is often re-
quired to use it for a new case. This adaptation or change of the best match-
ing cases usually complex and requires domain knowledge. Adaptation can 
be achieved by calculating the difference between the retrieved case and the 
current case. It is possible to apply other algorithms and/or rules to combine 
two cases from the retrieved list of cases to obtain a solution. Moreover, an 
expert in the domain can also suggest or determine if it is a reasonable solu-
tion for the current case, and if required, expert can also modify the solution 
before approval. In the Revise step, the proposed solution from the Reuse
step is evaluated to check if it is a success or failure. If success is received 
from the revise process then the new solution and case is considered for fu-
ture use (Lopez De Mantaras et al., 2005). 

The retain step is the learning process of CBR cycle where the verified 
solution with the new case are stored in the case library as new knowledge. 
Sometimes the case base is updated by the new case or by modifying exist-
ing cases. In addition, if the solution is not reliable then additional infor-
mation e.g., changes made in the retrieved case should be added so that it 
can be used in the future. 

Over the years CBR becomes distinguishable because of richness in re-
search in the health sciences. Recent advancement and development of CBR 
in health sciences can be found in articles (Marling et al., 2014, Bichindaritz 
and Montani, 2011). Begum et al. (2011) reported the usage of CBR in many 
application domains of health sciences. In several studies CBR was also used 
as a stress classification method (Ahmed et al., 2008, Begum et al., 2012, 
Ahmed et al., 2011). 

4.3.2 Artificial Neural Network 
In the artificial intelligence paradigm, one of the most popular learning 

methods is the Artificial Neural Network (ANN). ANN is a method that is 
vaguely inspired by the biological nervous system. It is composed of inter-
connected elements called neurons that work in a unity to solve specific 
problems (Drew and Monson, 2000, Zhang, 2000, Basheer and Hajmeer, 
2000). The neurons are connected through links and numerical weight is 
assigned to each neuron. This weight represents the strength or importance 
of each neuron input and repeated adjustment of the weights are performed 
to learn from the input. Various types of neural networks are describe in 
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(Basheer and Hajmeer, 2000) and one of the most popular network architec-
tures is the multilayer feedforward neural network methods using backprop-
agation to adapt/learn the weights and biases of the nodes. Such networks 
consists of an input layer that represents the input variables to the problem, 
an output layer consisting of nodes representing the dependent variables or 
the classification label, and one or more hidden layers that contain nodes to 
help capturing the nonlinearity of the data. The error is computed at the out-
put layer and propagates backward from the output layer to the hidden layer, 
then hidden layer to input layer. A three-layer backpropagation neural net-
work is shown in Figure 6.

 

Figure 6. Multi-layer perceptron with backpropagation (Negnevitsky, 2001)

4.3.3 Support Vector Machine 
The support vector machine is a supervised machine learning method first 
developed by Vapnik (1992), commonly used in pattern recognition, which 
can be used for both classification and regression (Jain et al., 2000, Basheer 
and Hajmeer, 2000). SVM classifier was first developed for binary classifi-
cation problems using hyperplanes to define decision boundaries that sepa-
rate data points of different classes. SVM can handle both linear classifica-
tion and complex nonlinear classification tasks. SVM maps the original data 
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points from the input space to a high dimensional feature space such that the 
classification problem becomes simple in feature space. In SVM classifica-
tion support vectors are the data points that lie closest to the decision surface 
as shown in Figure 7. A kernel function is used to perform the mapping task.  

Figure 7. An example of SVM separation of 2-dimensional binary class problem. 
Here, solid line represents the optimal hyperplane, dotted line denotes maximal 

margin, and circles denote the support vectors (Amendolia et al., 2003)

Consider an n-class classification problem with a training data set 
,  is the input vector and  is the corresponding class label. 

SVM map the d-dimensional input vector space to a -dimensional feature 
space and learns the separating hyperplane  that maximizes the mar-
gin distance , where w is the weight vector and  is the bias. The SVM 

classifier obtained a new label  for the test vector by evaluating Equation 
4.19.

(4.19)

Where N is the number of supports vectors,  is the weights and b is bias 
parameters which are maximized during training and K is the kernel func-
tion. A few important kernel functions include: 

• Linear kernel: 
• Polynomial kernel: , d is the degree of poly-

nomial 
• Gaussian kernel or radial basis function (RBF): 
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In this study, a SVM with a Gaussian kernel is used for the classifi-
cation task. Gaussian kernel is a universal kernel. When domain 
knowledge is sparse or lacking, the Gaussian kernel is usually your 
best choice since it basically incorporates the polynomial and the line-
ar kernel as well. A SVM with a RBF is a weighted linear combination of 
the kernel function computed between the data points and each of the sup-
port vectors.

4.3.4 Hierarchical clustering 
In machine learning, Clustering is the unsupervised method that groups a set 
of data objects into clusters so that data within a cluster have high similarity 
and very dissimilar to the data in other clusters. Hence, clustering is the pro-
cess of organizing a collection of patterns i.e., data items, or feature vectors 
into clusters based on similarity measures of unlabeled data (Jain et al., 
1999). Similarities are quantified based on the distance measures of the fea-
tures or attribute values that describe the objects (Han, 2005). Hierarchical
Clustering is one of the clustering algorithms that group data objects into a 
hierarchy or “tree” of clusters also known as dendrogram. Based on the hier-
archical decomposition approach Hierarchical clustering can be classified as 
either agglomerative (bottom-up) or divisive (top-down). In the agglomera-
tive approach, each object starts forming a separate group and iteratively 
merges the objects or groups that are close to one another. This process con-
tinues until all the groups are merged into one or the termination condition 
holds. In the divisive approach clustering process starts considering all the 
objects in the same cluster. In successive iteration a cluster is divide into 
smaller clusters until each object is in a single cluster or a termination condi-
tion holds (Han, 2005). Moreover, Hierarchical-clustering algorithms can be 
distance-based or density and continuity based.  

Figure 8. (a) Points falling in three clusters,   (b) The dendrogram representation 
(Jain et al., 1999) 
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Figure 8 depicts an example of clustering and a dendrogram repre-
sentation of the clusters. The tree is not a single set of clusters, but rather a 
multilevel hierarchy, where clusters at one level are joined as clusters at the 
next level (Chen et al., 2002). Hierarchical clustering can be variations of 
single link, complete link, and minimum variance algorithms. Between these 
three variants single link and complete link methods are most popular. In 
single link algorithms, patterns are drawn from two clusters and the mini-
mum of the distances between all pairs is the distance between two clusters. 
On the contrary, in complete link the maximum distance of all pairwise dis-
tances is the distance between two clusters. The complete link algorithm 
produces more compact clusters than the single link algorithm. Moreover, in 
many practical applications complete link algorithm produces more useful 
hierarchies than single link algorithm (Han, 2005). 
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Chapter 5 

This chapter presents the experimental work that has been carried out in this 
research. The included papers also contain their corresponding evaluations 
however this chapter contains the summary of the evaluation and some ex-
tended experimental works. 

Experimental Work 
In the experimental work different approaches and methods have been im-
plemented as a prototypical system and their performance is evaluated and 
compared with experts in the domain. The main goal is to see how close the 
system can perform compared to an expert. 

Several evaluations have been conduct in the experiment work for this thesis 
work that also can be found in the included papers. In [PAPER I] and [PA-
PER II] the performance of the system was computed using statistics i.e., 
Sensitivity, Specificity, Percent of Accuracy. In [PAPER IV] and [PAPER V] 
Signal Quality Index (SQI) (Daly et al., 2014, Daly et al., 2012) was used to 
measure the signal quality after handling artifacts in EEG signals. 

5.1 Comparison between CBR, ANN and SVM 
There is a large verity of machine learning methods and it is important to 
select an appropriate method for a particular domain. It is also important to 
investigate different algorithms and to compare the results with a human 
expert. In [PAPER I] an experiment has been conducted on three supervised 
machine-learning techniques, ANN, SVM, and CBR to find out the best 
method for physiological data classification. In [PAPER I], two physiologi-
cal parameters i.e., Finger Temperature (FT), and Heart Rate Variability 
(HRV) are used to classify Relax and Stress. Later, Skin Conductance (SC) 
is also to classify drivers’ stress. There are in total 204 cases, which were 
divided into 146 training cases and 58 testing cases. Furthermore, these 204 
cases were shuffled and three pairs of training and testing datasets were 
formed for FT, SC and HRV data. Thus, three experiments have been con-
ducted for each of the machine-learning algorithms and in total 6 experi-
ments using FT data, 6 experiments using SC data, and 6 experiments using 
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HRV data are separately performed in this study. It is important to mention 
that an expert has classified all the cases as in stressed and relaxed classes. 

Table 8, Table 9, and Table 10 represent the statistical analysis of the 
ANN, SVM and CBR using HRV, FT and SC. Test dataset of experiment 1, 
experiment 2 and experiment 3 are randomly selected and there is no over-
lapping among these three dataset. Each type of signal i.e., finger tempera-
ture, and HRV contains 174 cases in total combining test datasets of experi-
ment-1, experiment-2, and experiment-3 (each consist of 58 cases). Among 
the 174 cases 88 are Stressed cases and 86 are Relaxed cases. 
Table 8. Statistical analysis of Heart Rate Variability 

 Test Dataset 
Criteria ANN SVM CBR
Total Cases 174 174 174 
Cases belong to Stress Group (P) 88 88 88 
Cases belong to Relax Group (N) 86 86 86 
True Positive (TP) 65 71 80 
False Positive (FP) 26 43 17 
True Negative (TN) 60 43 69 
False Negative (FN) 23 17 8 
Sensitivity = TP/(TP+FN) ≈0.74 ≈0.80 ≈0.91
Specificity = TN/(FP+TN) ≈0.70 ≈0.50 ≈0.80
Accuracy = (TP+TN)/(P+N) ≈0.72 ≈0.66 ≈0.86

It can be seen from Table 8 that for the HRV dataset, out of 88 Stressed
cases 65 cases are correctly classified using ANN, 71 cases are correctly 
classified using SVM and 80 cases are correctly classified using CBR classi-
fier. In addition, out of 86 Relaxed cases correctly classified cases are 60, 43, 
and 69 for ANN, SVM, and CBR respectively. Here sensitivity, specificity, 
and overall accuracy of ANN are 74%, 70%, and 72%; using SVM sensitivi-
ty, specificity, and overall accuracy are 80%, 50%, and 66%; and using CBR 
sensitivity, specificity, and overall accuracy are 91%, 80%, and 86%. 

From Table 9 it can be seen that for the FT dataset, out of 88 Stressed
cases 64 cases are correctly classified using ANN, 64 cases are correctly 
classified using SVM and 66 cases are correctly classified using CBR classi-
fier. Moreover, out of 86 Relaxed cases correctly classified cases are 66, 66, 
and 74 for ANN, SVM, and CBR respectively. Hence sensitivity, specificity, 
and overall accuracy of ANN are 73%, 77%, and 75%; using SVM sensitivi-
ty, specificity, and overall accuracy are 78%, 77%, and 78%; and using CBR 
sensitivity, specificity, and overall accuracy are 75%, 86%, and 80%. 
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Table 9. Statistical analysis of Finger Temperature 

 Test Dataset 
Criteria ANN SVM CBR
Total Cases 174 174 174 
Cases belong to Stress Group (P) 88 88 88 
Cases belong to Relax Group (N) 86 86 86 
True Positive (TP) 64 69 66 
False Positive (FP) 20 20 12 
True Negative (TN) 66 66 74 
False Negative (FN) 24 19 22 
Sensitivity = TP/(TP+FN) ≈0.73 ≈0.78 ≈0.75
Specificity = TN/(FP+TN) ≈0.77 ≈0.77 ≈0.86
Accuracy = (TP+TN)/(P+N) ≈0.75 ≈0.78 ≈0.80

On the other hand, from Table 10 it is visible that for the SC dataset, out 
of 88 Stressed cases 66 cases are correctly classified using ANN, 53 cases 
are correctly classified using SVM and 71 cases are correctly classified using 
CBR classifier. In addition, out of 86 Relaxed cases correctly classified cases 
are 59, 64, and 66 for ANN, SVM, and CBR respectively. Here sensitivity, 
specificity, and overall accuracy of ANN are 75%, 69%, and 72%; using 
SVM sensitivity, specificity, and overall accuracy are 60%, 74%, and 67%; 
and using CBR sensitivity, specificity, and overall accuracy are 80%, 77%, 
and 79%. 
Table 10. Statistical analysis of Skin Conductance 

 Test Dataset 
Criteria ANN SVM CBR
Total Cases 174 174 174 
Cases belong to Stress Group (P) 88 88 88 
Cases belong to Relax Group (N) 86 86 86 
True Positive (TP) 66 53 71 
False Positive (FP) 27 22 20 
True Negative (TN) 59 64 66 
False Negative (FN) 22 35 17 
Sensitivity = TP/(TP+FN) ≈0.75 ≈0.60 ≈0.80
Specificity = TN/(FP+TN) ≈0.69 ≈0.74 ≈0.77
Accuracy = (TP+TN)/(P+N) ≈0.72 ≈0.67 ≈0.79

5.2 Wheel loader operators’ stress classification using CBR-
MMSE
In the [PAPER II] the classification accuracy has been evaluated considering 
the 2 data sets as discussed in Chapter 3; (1) PSP data set and (2) training 
and testing wheel loader data set. Data was collected from 18 participants, 
all male wheel loader operators. An evaluation of a CBR system classifica-
tion integrating sensor fusion (MMSE–CBR) has been conducted using each 
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data set. Here, only the PSP data have been classified by an expert as in 
stressed and healthy classes. The expert did not classify the training and 
testing wheel loader data set. However, the data are controlled and separated 
by training and testing conditions. 

5.2.1 Using the PSP data set 
Here, the experimental work has been conducted in two folds; (a) observa-
tion of the MMSE analysis and (b) observation of the MMSE–CBR classifi-
cation.

(a) Observation of MMSE analysis: In the experimental work, all the 5 
sensor signals are fused and the entropy complexity is computed up to scale 
factor 10. An average of entropy complexity value for each scale factor is 
calculated both for the stress and relax cases. Figure 9 shows the MMSE 
analysis results for the 18 cases and it can be seen that MMSE varies a lot 
depending on individuals. 

Figure 9. MMSE analysis for 18 cases

(b) Observation of MMSE–CBR classification: The main goal of this ex-
perimental work is to compare the classification accuracy of the MMSE–
CBR approach compared to the expert. Here, the full dataset consists of 18 
cases where 7 of them are classified as ‘relaxed’ and 11 of them are classi-
fied as ‘stressed’ by an expert. For the evaluation, the retrieved top 2 most 
similar cases are considered i.e., if both the query and one of the two re-
trieved cases belong to a similar class then the number of correctly classified 
cases is counted as 1. Table 11 depicts the summary results of the classifica-
tion accuracy by MMSE–CBR considering the fuzzy similarity function.  
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Table 11. Percentage of correctly classification of cases by MMSE-CBR considering 
fuzzy similarity function and PSP data 

Case classes MMSE-CBR 
11 stressed cases 100.0% 
7 healthy cases 57.10% 
Total on 18 cases 83.33% 

In Table 11 the results of MMSE–CBR considering fuzzy similarity func-
tion achieved 100% for stressed cases, ≈57% for healthy cases and in total 
the accuracy reaches ≈83%.  

5.2.2 Using training and testing wheel loader data set
This experimental work was carried out similarly to the previous experiment 
using MMSE–CBR classification. The only difference is that here the expert 
did not classify the cases rather they are divided into two classes; sharp and 
adapt according to the condition in the data collection. 

Observation of MMSE–CBR classification: The main goal of this experi-
mental work is to see the classification accuracy of the MMSE–CBR ap-
proach i.e. how accurate the MMSE–CBR approach can distinguish the cas-
es between sharp and adapt. Here, 18 sharp + 18 adapt = 36 total cases are 
considered and same as in the previous experiment retrieved the top 2 most 
similar cases were retrieved by the CBR system. The weight values for all 
the extracted features between the scale factors 1 and 7 are set to 1. Howev-
er, the weight value was set higher for the scale factors between 8 and 10, 
with weight value 8 for scale factor 8, weight 9 for scale factor 9 and weight 
10 for scale factor 10. A summary of the results is presented in Table 12. 

It can be seen from Table 12, considering top two similar cases, ≈78% of 
adapt cases are correctly classified as adapt and ≈94% of sharp cases are 
correctly classified as sharp. In total i.e. out of 36 cases, the percentage of 
correctly classified cases is achieved around ≈83% for both the conditions. 
Table 12. Percentages of correctly classified cases by MMSE–CBR considering 
fuzzy similarity function and adapt/sharp data.

Case classes MMSE-CBR  
18 adapt cases 77.78% 
18 sharp cases 94.40% 
Total 36 cases  83.3% 

Detailed results, including a comparison of MMSE–CBR with other sin-
gle source parameters and fusions is presented in [PAPER II]. 

5.3 EEG artifacts detection and handling 
This section presents the results and evaluation of the proposed EEG artifact 
handling approach using 2nd order clustering. In [PAPER IV] experiments 
has been conducted with recorded EEG signals obtained from two partici-
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pants. Each participant performed movement related tasks in five trials. Arti-
facts handling has been applied on the recorded EEG signals using proposed 
approach. EEG recording with artifacts during eye blink activity is shown in 
Figure 10.

Figure 10. EEG signal with artifacts during eye blink task

Figure 11. EEG signal after artifacts handling

The resulting signals after artifacts handling are depicted in Figure 10.
Eye blink artifacts are mostly visible in the pre-fontal and fontal channels. It 
can be observed from in Figure 11 that the proposed artifacts handling tech-
nique can successfully remove artifacts from the recorded signals. It is clear-
ly shown that the artifacts are removed from the original signals in visual 
inspection as presented earlier while looking and comparing two signals i.e. 
the EEG signals with artifacts and artifacts handled signals. However, the 
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ratio between the recorded signal and the artifacts handled signals is also 
important issue to observe. Thus, an experiment has performed to observe 
the difference considering signal characteristics in different artifacts activi-
ties. Here, SQI in terms of standard deviation of the amplitude values 
(StdAmp), maximum amplitude values (MaxAmp) and Kurtosis are calcu-
lated for eye movement, eye blink, saccades, trunk movement and stretching.

Table 13 presented the difference in with and without artifacts where av-
erage value on 5 trails is calculated. The table also presented a percentage 
value from the difference that shows how much artifacts is removed. It can 
be observed that the quality of the EEG signals improved around 50% after 
removal of artifacts from the eye movement, eye blink, and saccades activity 
segments. Similarly, EEG signals quality improved around 15% in trunk
movement and stretching segments.
Table 13. Difference in Recorded EEG and artifacts handled EEG where average 
value on 5 trails is calculated 

Activity Parameter 

Recorded EEG 
signals

EEG signals 
after handled 
artifacts Difference in

percentageAverage Trail 
1 to Trail 5 

Average Trail 
1 to Trail 5 

Eye
movement 

StdAmp 17.204 9.05 47.40 % 
MaxAmp 76.49 32.97 56.90% 
Kurtosis 2.12 0.677 68.07% 

Eye Blink 
StdAmp 18.22 8.45 53.62% 
MaxAmp 96.37 45.48 52.81% 
Kurtosis 2.25 1.17 48.00% 

Saccades
StdAmp 18.26 9.26 49.29% 
MaxAmp 93.28 45.62 51.09% 
Kurtosis 1.96 1.19 39.29% 

Trunk
movement 

StdAmp 37.97 32.24 15.09% 
MaxAmp 267.78 233.93 12.64% 
Kurtosis 3.792 3.74 1.37% 

Stretching
StdAmp 42.04 33.98 19.17% 
MaxAmp 323.742 279.43 13.69% 
Kurtosis 6.616 6.456 2.42% 

The EEG Artifacts handling method was improved in [PAPER V] 
through using single clustering algorithm and clusters containing artifactual 
components are distinguished in terms of distance measurement. Table 14 
presents the SQI difference between recorded EEG and resulting artifacts 
handled EEG signals. It can be seen that the SQI of the EEG signals im-
proved around 8% to 50% after removal of artifacts from body movement 
activity segment. Similarly, EEG signals quality improved around 15% to 44 
% in Saccades segments.
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Table 14. Signal Quality Index of Recorded EEG and artifacts handled EEG for a 
single trail 

Activity Parameter With artifacts Without arti-
facts

Difference in 
Percentage

Saccades
StdAmp 21.03 11.75 44.09% 
MaxAmp 88.9 59.79 32.74% 
Kurtosis 4.3 5.03 15.42% 

Body movement 
StdAmp 23.54 10.28 56.33% 
MaxAmp 156.82 84.04 46.41% 
Kurtosis 7.4 8.0 08.01% 
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Chapter 6 

A brief summary of the included papers is presented in this chapter, which 
also summaries the research contributions of this thesis. 

Research Contributions 
The contributions of this thesis work and answer to the research questions 
are described in the included five research papers. The first included paper 
presents comparison among three popular machine-learning techniques to 
classify driver state i.e., stress based on two physiological parameters, name-
ly, HRV and finger temperature. The second journal paper presents a data 
level fusion for multivariate signals to extract features and CBR case formu-
lation. Third, fourth and fifth included papers deal with EEG artifacts han-
dling. The third paper presents a review on machine learning techniques that 
are used for EEG artifacts handling. The fourth and fifth papers propose an 
approach for identifying and handling artifacts in EEG signals. Brief sum-
mary of each included papers are given in the following sub sections. 

6.1 Paper I: Supervised Machine Learning Algorithms to 
Diagnose Stress for Vehicle Drivers Based on Physiological 
Sensor Signals. 
This conference paper was accepted in the 12th International Conference on 
Wearable Micro and Nano Technologies for Personalized Health, Västerås, 
Sweden, 2-4 June, 2015 

As the main author of this conference paper I contribute with writing the 
methods and approach, background, and experimental work and results. 
Moreover, I was involved in the data collection procedure. 

This paper investigates performance of three different machine learning 
techniques, namely, an artificial neural network (ANN), a support vector 
machine (SVM) and case-based reasoning (CBR) to classify driver stress 
using two physiological parameters i.e., heart rate variability (HRV) and 
finger temperature. Physiological signals were obtained while drivers drove 
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a vehicle in a real road. A time constraint was applied to induce stress. Later, 
the data ware pre-processed to obtain the same duration in all recordings for 
all participants. Features were extracted from the signals and an expert la-
beled each case as either Stressed or Relaxed. These cases with the labels 
were then delivered to the three selected machine-learning methods separate-
ly in order to classify cases as stressed or relaxed. The experimental results 
show that case-based reasoning outperforms the other two methods in terms 
of classification accuracy using both HRV and finger temperature. 

6.2 Paper II: Classification of physiological signals for wheel 
loader operators using Multi-scale Entropy analysis and case-
based reasoning. 
This paper is published in the journal Expert Systems with Applications, 
2014, Volume 41, Issue 2, Pages 295-305, ISSN 0957-4174 

I was one of the co-authors of this journal paper. My contributions in the 
paper includes data processing and features extraction, writing 50% of the 
system evaluation. Moreover, I developed the prototypal system and its 
functionality.

This paper presents a data level fusion of physiological signals and classifi-
cation approach. Data level fusion is proposed using Multivariate Multiscale 
Entropy Analysis (MMSE) and case-based reasoning is used as a classifica-
tion method. The MMSE algorithm supports complexity analysis of multi-
variate biological recordings by aggregating several sensor measurements 
i.e., Inter-beat-Interval (IBI) and Heart Rate (HR) from Electrocardiogram 
(ECG), Finger Temperature (FT), Skin Conductance (SC) and Respiration 
Rate (RR). Here, features have been extracted from five physiological sig-
nals that are mentioned above using MMSE algorithm. These features are 
used for case formulation of CBR system and retrieving most similar cases 
from the case library performs CBR classification. The proposed approach 
i.e., MMSE-CBR has been evaluated with the data obtained from profes-
sional wheel loader operators at Volvo Construction Equipment, Sweden. In 
addition, comparisons of classification accuracy between MMSE-CBR and 
CBR with single source parameters are also presented in this paper. Based 
on the results it is proposed that MMSE-CBR can be used as a classification 
method and may be of interest to the researchers developing systems based 
on data level fusion and working with information collected form several 
sensor sources. 
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6.3 Paper III: A Review on Machine Learning Algorithms in 
Handling EEG Artifacts. 
This workshop paper is published in the proceeding of the Swedish AI Soci-
ety (SAIS) Workshop (SAIS, 14), Stockholm, 2014 

I am the main author of the paper and contributed in planning and conduct-
ing the literature reviews, analysis of different EEG artifact handling tech-
niques. 

This paper presents a review of machine learning algorithms that have been 
applied in EEG artifacts handling i.e., artifacts identification and removal. 
Due to the nature of EEG signal, noises and artifacts can contaminate it, 
which leads to a serious misinterpretation in EEG signal analysis. In addi-
tion, an analysis of these methods has been reported based on their perfor-
mance. This paper focuses on the machine learning techniques use in EEG 
artifacts handling that are reported on between 2007 and 2014. Study of EEG 
artifacts handling covers a variety of research area including computer sci-
ence, neuroscience, health and medical science, and biomedical engineering, 
and various studies have been conducted over the years. From the study, it is 
revealed that a large number of automatic and semi-automatic methods are 
available for EEG artifacts removal. It is found that most popular method of 
EEG signal classification is independent component analysis (ICA) but to 
identify artifacts from independent components of ICA it requires expert 
observation, where machine-learning algorithms can be applied to ease the 
classification process. Moreover, the usage of machine learning algorithms is 
limited. Finally, the survey leaves us with focus on hybrid approaches i.e., 
using several machine learning algorithms. 

6.4 Paper IV: Clustering Based Approach for Automated EEG 
Artifacts Handling. 
This is a conference paper accepted in the 13th Scandinavian Conference on 
Artificial Intelligence (SCAI, 15), Halmstad, Sweden. 

I am the main author of this paper and I was involved in writing the ap-
proach, background, feature extraction and experimental work. I have devel-
oped the artifacts identification approach and was involved in the data col-
lection.

In this paper the proposed approach is a combination of ICA and 2nd order 
clustering algorithm using Hierarchical and Gaussian Mixture model cluster-
ing algorithms to identify and handle artifacts in EEG signals. During 
recording participants were asked to perform several movement task e.g., 
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eye movement, blink, trunk movement, stretching. Hence, EEG signals are 
contaminated with ocular and muscle artifacts. Independent Component 
Analysis (ICA) has been applied on the EEG signals to separate mixing sig-
nals into statistically independent components (ICs). Thereafter, features are 
extracted from each ICs. Identification of artifactual components have been 
performed by applying 2nd order clustering approach using Hierarchical and 
Gaussian Mixture model clustering. In addition, expectation-maximization 
algorithm has been used as a thresholding technique in this paper. From the 
results it is noticeable for ocular artifacts handling it can improve signal 
quality up to 50% and for body movement i.e., trunk movement and stretch-
ing signal quality improve up to 15%.

6.5 Paper V: Intelligent Automated EEG Artifacts Handling 
Using Wavelet Transform, Independent Component Analysis 
and Hierarchal clustering. 

This is a workshop paper accepted in the 1st Workshop on Embedded Sensor 
Systems for Health through Internet of Things (ESS-H IoT), Rome, Italy. 

I am the main author of this paper and I was involved in writing the ap-
proach, background, feature extraction and experimental work. Moreover, I 
have developed the artifacts identification approach and was involved in the 
data collection. 

This paper proposes an update method of the previous paper to identify and 
handle artifacts in EEG signals. This paper presents an automated EEG arti-
facts handling approach, where it combines Wavelet transform, Independent 
Component Analysis (ICA) with Hierarchical clustering method. Recorded 
EEG signals are decomposed using wavelet transform that provides set of 
approximation and details coefficients. Then approximations coefficients are 
further decomposed applying ICA to obtain statistically independent compo-
nents (ICs). In order to identify artifactual components several features are 
extracted from each ICs. Furthermore, for the identification of artifactual 
components the Hierarchical Clustering algorithm is applied. The Hierar-
chical algorithm clusters data over a variety of scales by creating a hierar-
chical structure. In addition, to label each cluster a 1-D feature vector is es-
timated and a distance measure is applied to identify cluster containing arti-
factual components. 
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Chapter 7 

This chapter presents overview of the related work in driver monitoring and 
EEG artifacts handling. 

Related Work 

7.1 Driver Monitoring System 
Driver impairments caused by stress, fatigue, sleepiness, mental load etc. are 
the reasons for vehicle crashes. According to Ahlstrom et al. (2012) drivers 
state can be divided into two categories: long-term and short-term. Long 
term driving state is defined based on impact of various diseases for example 
aging, eye disorders and short term state describes the temporary impair-
ments for example distraction, high mental workload, or sleepiness, stress. A 
comprehensive review on driver inattention monitoring system is presented 
in (Yanchao et al., 2011). Several driver attention statuses are categorized; 
attentive, distractive, looked but not did not see, sleepy, and unknown. They 
also discussed about several projects that have been performed for driver 
monitoring. In (Brookhuis and de Waard, 2010) in several driving examples 
physiological parameters such as heart rate, brain activity and slow eyelid 
closure, labeled as percentage of closure (PERCLOS) were measured to 
monitor driver mental workload. Lee and Chung (2012) proposed a frame-
work for a smartphone-based system using Fuzzy Bayesian network and data 
fusion for monitoring driver’s safety. In her review article Begum (2013) has 
discusses about intelligent driver monitoring system using physiological 
sensor signals. It is reported that many of the prior studies were to investi-
gate the possibilities of reliable data collection using physiological sensor 
during driving situation.  

Machine learning methods have been in role of driver mental state classi-
fication in various studies. Support vector machine (SVM) has been applied 
to differentiate and identity EEG signal changes that occur during alert and 
drowsy state (Yeo et al., 2009). A drowsiness recognition system based on 
eye states identification and SVM has been proposed in (Cheng-Chang and 
Pei-Rong, 2012). Daphne and Raj (2012) proposed a drowsiness detection 
architecture using feature extraction methodology and SVM, which 91% 



52

classification accuracy. The authors implemented a Fuzzy Entropy Mutual 
Information (FEMI) methodology into Wavelet Packet Transform (WPT) 
decomposition to extract features from EEG signal. Automatic alertness and 
drowsiness level recognition has been proposed in (Kiymik et al., 2004, 
Subasi et al., 2005, Vuckovic et al., 2002) from EEG signals using ANN. 
The results of these studies suggested that automatic recognition is applica-
ble to distinguish between alert, drowsy and sleep state from EEG recording 
using ANN. Mardi et al. (2011),  have introduced a protocol for EEG data 
collection from drowsy drivers and data classification has been performed 
using neural network. In several articles (Bergasa et al., 2006, Ji and Yang, 
2002) driver vigilance monitoring system is proposed using percent of eye 
closure (PERCLOS) and eyelid movement.  

Furthermore, Artificial intelligence and Statistical methods are also been 
applied e.g., in a simulator-based study from 2005, (Chin-Teng et al., 2005) 
drivers are exposed to a drifting-task in a simulator, performance are meas-
ured by a moving-average of the file position deviation. Other methods i.e., 
Dempster-Shafer (D-S) theory has been used for data fusion in a Multi-
sensor/multi-source fusion based driver drowsiness detection systems pro-
posed by (Cheng et al., 2012, Ruijia et al., 2009).  In (Zhang et al., 2008), a 
multi-source information fusion approach has been proposed for the evalua-
tion of drivers' fatigue. Vehicle data i.e., steering wheel movement and vehi-
cle’s trajectory, and visual cues information have been fused by combining 
neural network and D-S evidence theory. Another article (Yang et al., 2005) 
also proposed a driver’s fatigue recognition model based on D-S evidence 
theory. The authors reported that most of the driver’s fatigue recognition 
methods are either based on features obtained from visual observation such 
as eye movement, head movement, and facial expression; or non-visual as-
pects of features such as heart rate, ECG and EEG. The approach of consid-
ering one aspect of features is not completely reliable and therefore, the au-
thors have suggested that fatigue recognition could be more accurate when it 
combines multiple sources of information about driver context, situation, 
goals and preferences. A summarization of study on driver monitoring is 
presented in Table 15. 
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Table 15. Driver monitoring using different algorithms based on EEG signal

No Authors Mental state Real/ Simu-
lator Methods 

1 Nikita G.,H. & B. 
Riley,(2014)

Drowsiness Physionet 
sleep-EDF
database

Discrete Wavelet Trans-
form, statistical analysis, 

K-mean clustering
2 B.G. Lee et al., 

(2014)
Drowsiness and 
alertness

Real road Wavelet packet transform, 
support vector machine 

3 R. Rosipal et al., 
(2007)

Drowsiness Simulator Hierarchical Gaussian 
mixture model 

4 M. Haak et al., 
(2008)

Stress Game simu-
lator

Correlation analysis 

5 M. A. Manjusha et 
al., (2014) 

Stress Real road Artificial Neural Network 

6 R. R. Daphne & A. 
A. Raj, (2012) 

Drowsiness Physionet 
sleep-EDF
database

Fuzzy Entropy Mutual 
Information, Wavelet 

Packet Transform, support 
vector machine 

7 M. V. Yeo et al., 
(2009)

Drowsiness Simulator Support vector machine 

8 E. Michail et al., 
(2008)

Sleepiness Real road EEG, Heart rate variability 

9 Chin-Teng Lin et 
al., (2005) 

Drowsiness Simulator Independent Component 
Analysis, Linear regres-

sion model 
10 Sulaiman N. et al., 

(2011)
Stress Lab Statistical analysis 

11 Schmidt Eike A. et 
al., (2009) 

Alertness,
Driver Vigi-
lance

Real road Subjective measures, 
MANOVA, Statistical 

Analysis 
12 Sibsambhu Kar et 

al., (2010) 
Fatigue Real road Entropy, Energy-based 

analysis
13 Papadelis C. et al., 

(2006)
Sleepiness Real road Statistical analysis 

14 Rami N. Khushaba 
et al., (2011) 

Drowsiness Simulator Wavelet packet transform, 
Fuzzy mutual information 

15 Lei Cao et al., 
(2010)

Fatigue Lab Principal component anal-
ysis, Fisher score 

16 Eoh Hong J. et al., 
(2005)

Fatigue, drows-
iness

Simulator ANOVA statistical analy-
sis

17 Borghini, G. et al., 
(2012)

Fatigue Simulator Statistical analysis 

18 Paul van den Haak 
et al., (2010) 

Stress Simulator Statistical analysis 
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7.2 EEG Artifacts Handling 
A short description on existing automatic artifact removal tools is given in 
the following sections. 

FORCe (Fully Online and automated artifact Removal tool for BCI appli-
cation) has been develoed by Daly and his colleagues (Daly et al., 2014). 
FORCe is based on combination of wavelet transform, ICA and threshold-
ing. This method does not need additional EOG or EMG recording as refer-
ence signals. Proposed FORCe method decomposes each EEG channel into 
approximation and detail coefficients using wavelet decomposition. Then 
estimate ICA for approximation coefficients to separate maximally statisti-
cally independent components (ICs). Thresholding is applied on the ICs to 
identify artifactual components and reconstruct clean EEG signal by remov-
ing the ICs that contains artifacts. 

FASTER (Fully Automated Statistical Thresholding for EEG artifact Re-
jection) developed by (Nolan et al., 2010) is a thresholding method to re-
move artifacts from EEG signal. This tool imports raw EEG data, removes 
bad channels, extracts epochs, and artifacts detection and removal is per-
formed using ICA. Five aspects of EEG data are considered for detection 
and correction of artifacts: channels, epochs, ICs, single-channel single-
epochs, and aggregated data i.e. across subjects. It calculates statistical pa-
rameters for each aspect of EEG data. A Z-score of ±3 is the matric for the 
parameters that defines the contaminated data. For example, three parame-
ters was calculated for channel data: a) mean of the channel’s correlation 
coefficients with other channel, b) variance of the channels and c) Hurst 
exponent. And the authors considered a channel is contaminated if these 
parameters had a Z-score of 3. 

LAMIC (Lagged auto-mutual information clustering) (Nicolaou and 
Nasuto, 2007) is a clustering algorithm that has been developed to remove 
artifacts automatically from EEG signal. Blind source separation algorithm 
called temporal decorrelation source separation (TDSEP) has been applied 
on to decompose EEG signals. Later, clustering has been done on the com-
ponents based on the similarity of their lagged auto-mutual information 
(AMI). The hypothesis behind this clustering approach was that observations 
shown EEG and artifacts could be described by different temporal dynamics. 

EEGLAB (Delorme and Makeig, 2004) is an open source interactive 
toolbox builds on Matlab environment for processing continuous and event-
related EEG Magnetoencephalography (MEG) and other physiological data 
including various functionalities i.e., ICA, time-/frequency analysis, artifacts 
rejection, event-related statistics, different visualization mode for the aver-
aged and single trail data. One important feature of EEG lab is the plug-
in/extension functionality and there are several artifacts removal tools avail-
able that are listed in Table 16. 
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Table 16. Available EEGLAB Plugins for artifact removal 

Name Description 
clean_rawdata Cleans continuous data using Artifact Subspace Re-

construction
interpolateSpike Cleans spiky artifacts using AFfit (beta) 
REG-ICA (Klados et al., 
2011)

ICA regression based EOG removal 

MARA (Winkler et al., 
2011)

Multiple Artifact Rejection Algorithm 

AAR (Gomez-Herrero et 
al., 2006, De Clercq et 
al., 2006) 

ICA-based Automatic Artifact Removal 

ADJUST (Mognon et al., 
2011)

Automatic Detector – Joint Use of Spatial and Tem-
poral features 

eyesubtract Eye Movement Artifact Removal 
icablinkmetrics Automatic eye blink component selection 
SASICA (Chaumon et 
al., 2015) 

Guided Selection of ICA components for Artifact 
rejection

Scott Makeig and his colleagues (Makeig et al., 1996) were the first to 
apply ICA on EEG signals and ICA has become a popular method for arti-
facts identification and removal in EEG signals. Jiang (Jiang et al., 2007) 
developed an automatic method for detection and elimination of ECG arti-
facts from EEG signal using ensemble average subtraction (EAS) method, 
independent component analysis (ICA), and adaptive noise canceling theory. 
Independents components can be separated by the kurtosis of their amplitude 
distribution over time which could discriminate the EEG signals between 
strictly periodical signals, regularly occurring signals and irregularly occur-
ring signals (Vigário, 1997, Delorme et al., 2007). Combination of ICA and 
wavelet decomposition was suggested in several papers (Ghandeharion and 
Erfanian, 2010, Ghandeharion and Ahmadi-Noubari, 2009, Geetha and 
Geethalakshmi, 2012, Castellanos and Makarov, 2006). Wavelet decomposi-
tion has been applied bi-direction either raw EEG data or on ICA compo-
nents.

Comparisons on EEG artifacts removal methods have been presented in 
(Kirkove et al., 2014, Daly et al., 2013, Klados et al., 2009). Klados have 
compared the performance of five widely used EOG artifact rejection meth-
ods. These methods include two fully automated regression methods, two 
BSS techniques and one time-adaptive algorithm based on H principles 

. The compassion result shows that LMS algorithm was most 
successful to removes artifacts from EEG signal. Authors also found that 
RLS and  gave poor performance in removing eye blink artifacts. 
In (Daly et al., 2013) a comparative study on three automatic artifacts re-
moval techniques, namely, wavelet, LAMIC and multivariate singular spec-
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trum analysis (MSSA)-based correction has been presented. Three different 
artifacts i.e., blink, ECG and EMG contaminated data set has been used to 
these methods. The authors reported that these techniques have shown dif-
ferences in performance when applied on each data set. They found that 
LAMIC outperformed other two methods with respect to signal to noise 
ration (SNRs). In the paper (Kirkove et al., 2014) 11 existing methods have 
been identified that deals with ocular artifacts. Based on these methods au-
thors have introduced 16 new methods and performed a comparative per-
formance evaluation among these 27 methods. In this study data was record-
ed during driving in a driving simulator. Authors have divided existing 
methods into three categories i.e., wavelet, adaptive filter and ICA based 
method. Moreover, wavelet is divided into discrete wavelet transform 
(DWT) and stationary wavelet transform (SWT); adaptive filter divided into 
LMS, RLS and ; and ICA divided into E-INFOMAX, FastICa and 
BGSEP. Evaluation results shown that five methods achieved highest per-
formance and one of these methods is combination of SWT and ;
other four methods are combination of SWT and ICA (E-INFOMAX and 
EFICA). The lowest performed methods are combination of DWT and ICA, 
and one using only SWT.  

In the articles (Aydemir et al., 2012, Nicolaou and Nasuto, 2007, Yuan et 
al., 2012, Patidar and Zouridakis, 2008) ICA and clustering algorithms have 
been used to classify ocular artifacts in EEG signals. In the article (Patidar 
and Zouridakis, 2008) a hybrid algorithm using iterative ICA and fuzzy clus-
tering has been proposed for artifacts rejection in EEG signals. In (Aydemir 
et al., 2012) different eye movement activities are classified from EEG sig-
nals using ICA and k-nearest neighbor classification. In (Pourzare et al., 
2012) various facial muscle movement artifacts are classified using K-
nearest neighbor algorithm. Features are extracted based on root mean 
square, polynomial fitting and Hjorth descriptors method. Authors mention 
that the simplicity of feature extractions is the good attribute of this proposed 
method. And, one of the uniqueness of this approach is the third order poly-
nomial fitting method of feature extraction. 
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Chapter 8 

This chapter briefly represents the conclusions of the research work. It also 
discusses the research topics that remain to be solved. 

Conclusion
In this thesis work several artificial intelligent (AI) techniques are investi-
gated to classify physiological signals to monitor drivers’ mental state in 
terms of Stress. Advances of technology lead to complex and heterogeneous 
physiological data in healthcare system. Also advances in AI introduce sev-
eral methods that are widely used in health sciences. However, it is im-
portant to select appropriate method for a selected problem domain. There-
fore, in attempt to address the first research question [RQ1], this thesis pro-
vides an effort to investigate methods that work based on the domain 
knowledge and provide best classification accuracy. In [PAPER I] three 
widely used classifications methods: Artificial Neural Network (ANN), Sup-
port Vector Machine (SVM), and Case-Based Reasoning (CBR) are used to 
compare the classification accuracy using HRV and FT data set. The results 
show that CBR outperformed other two methods in terms of sensitivity, 
specificity and accuracy analysis. In addition, unlike other two methods 
CBR does not require an explicate domain model, only significant features 
are required to describe the cases which reduce the implementation cost, and 
the system learn or obtain knowledge by adapting new case in the case li-
brary. In [PAPER II] a data fusion method using Multivariate Multiscale 
Entropy Analysis (MMSE) has been proposed to formulate cases for CBR 
classification. The results of data fusion based classification approach in 
[PAPER II] were as good as single source based classification. However, 
single source measurements require classification from each individual 
source and results can also vary between them. Hence, the proposed fusion 
based approach could be an alternative where signals are coming from mul-
tiple sources and expert’s classification is not available for each type of data 
source. Furthermore, the system described here could yield significant bene-
fit in applying decision support is such domain for monitoring operators and 
could provide a good means for sensor signal fusion in other health care 
domains. Thus, this thesis work point direction to use data fusion and deci-
sion fusion that combines EEG and other physiological signals to build a 
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robust and more accurate driver monitoring system.  
Artifacts handling is necessary before performing any EEG signal analy-

sis to minimize the false contributions to the brain signal. To address the 
second research question [RQ2] a literature study has been done in [PAPER 
III]. From the literature study it is found that there are many methods exists 
to remove artifacts from EEG signal. However, most of the methods are 
either non-automated or semi-automated; and automated methods require 
reference signals or artifactual template data, and manual settings of thresh-
old values for different artifacts identification. Besides many of the methods 
only remove specific artifacts such as either the ocular artifacts or the muscle 
artifacts. Hence this thesis proposes approach for automatically handling 
artifacts in EEG signal in [PAPER IV] and [PAPER V]. Based on the litera-
ture review of related work this thesis attempts to implement clustering 
based approach to identify various artifactual components in the EEG signal. 
The proposed approach does not require any reference signals to identify 
artifactual components from the EEG signals. Also the proposed approach 
does not require any prior classifications or artifactual data templates to 
identify artifactual components. 

Future work 
Current thesis work presents a driver’s stress classification during different 
driving situation. An approach for automated artifacts handing in EEG sig-
nals is also presented in this thesis. However, on the basis of the work pre-
sented in this thesis, still there are several research topics that need to be 
investigated further to develop an intelligent system to monitor drivers’ men-
tal state. 

It is acknowledged that different human factors cause driver impairments, 
which could lead to critical situation or road accidents. Two important states 
i.e., sleepiness and cognitive load are directly related to driving task. These 
two states will be investigated using EEG signal to identify drivers’ state. 

Feature selection and automated feature weighting are important issues in 
AI techniques that should be investigated in further work. Therefore, future 
study will conduct to investigate indicators from physiological signals and 
contextual information for the classification and prediction of sleepiness and 
cognitive load. 

The driving task is influenced by the environment and varies from person 
to person. As a result, it turns our focus on investigating environmental in-
fluential factors (e.g., day time or night time driving) on physiological sig-
nals. One area of future work will be to add contextual information and data 
obtain from the vehicle along with physiological signals to find the correla-
tion between them.  
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