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Abstract 

Fatigue is a major public health issue causing substantial emotional and financial burden on 

society. Driver fatigue is identified in nearly 20-30% of road fatalities, and can cost around 

AUD 3 billion per year. Providing drivers with early warning systems for fatigue could 

minimise fatigue-related road accidents. A car driving simulator study was conducted and 

physiological data such as electroencephalography (EEG), eye activity, movement sensor 

data, video and questionnaire information were obtained for the purposes of developing a 

drowsiness detection algorithm. The study was conducted at the Monash University 

Accident Research Centre (MUARC) where sixty non-professional drivers aged between 20-

60 years were recruited. The study was conducted in the afternoon and the driving sessions 

lasted up to 3 hours of monotonous day and night driving scenarios with realistic scenery. 

The preliminary analysis identified sections of data where clear episodes of drowsiness were 

evident. The analysis revealed that it was possible to detect drowsiness from a combination 

of physiological signals consisting of EEG, car seat movements and eye activity. Once the 

association between episodes of drowsiness and various signals were established, statistical 

analysis was performed on the entire data set. Two types of EEG processing were e1nployed 

at this stage based on EEG alpha power and alpha burst analysis . A significant association 

was established between the probability of drowsiness and EEG alpha activity, with alpha 

burst duration resulting in a better association. Drowsiness detection algorithms based on 

these two methods were then developed. 

The association established between drowsiness and the seat movement signals was far less 

than that between drowsiness and the alpha signals. The seat movement signals were then 

combined with both methods of alpha analysis. Adding seat movement signal to either of the 

two EEG methods resulted in improved associations with drowsiness with alpha burst 

association still being superior. The algorithm based on the combinations of alpha burst and 

seat movements formed the basis for the new hybrid algorithm. 

Subjective measures of drowsiness, lifestyle and behaviour were also examined in this 

research and validated against video ratings of fatigue. It was shown that increased anxiety, 

anger and an unhealthy diet were associated with an increased probability of drowsiness. 
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The findings of this research can serve as a foundation for designing future vehicle-based 

fatigue countermeasure devices as well as highlight potential difficulties and limitations. 

Such driver fatigue studies will also benefit from further investigations of driver lifestyle and 

behavioural factors. 
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Chapter 1 

Review of the literature and aims of the study 

1.1 Introduction 

Human activity is affected by environmental and work-related factors. Analogous to the 24 

hours in the day, the body has its own internal body clock that keeps track of time (Bear, 

Connors and Paradiso, 2006). This internal body clock better known as the circadian rhythm 

(found in the suprachiasmatic nucleus in the hypothalamus) assists, amongst other things, in 

regulating sleep, body temperature and melatonin levels (Turek and Zee, 1999). The 

circadian rhythm is affected by different light intensities, with dawn light being the 

mechanism by which the circadian pacemaker is reset (Squire et al., 2003). Sleep is 

fundamental to human existence and provides the brain with the necessary rest to recuperate, 

refresh, and repair the body and mind frotn the wear and tear of daily activity. 

The amount of sleep required for each individual is proportional to the amount of prior work 

and inversely proportional to the amount of prior rest (Lyznicki, Doege, Davis and Williams, 

1998). Each individual has different sleep patterns and habits; however, on average 

individuals require about 6-8 hours of sleep, while sotne people may require n1ore or less. 

Sleeping less than the body requirement (for any reason) results in a cumulative sleep loss or 

sleep debt which the body must make up for at a later time (Rosekind et al., 1996). However, 

with the advent of technology, modem lifestyles, and work paths, the wake portion of the 

wake-sleep cycle has become increasingly longer while the sleep portion has become shorter 

(McCartt, Ribner, Pack and Hammer, 1996) and sleep has now become regarded as a luxury 

(National Center on Sleep Disorders Research/National Highway Traffic Safety 

Administration Expert Panel on Driver Fatigue and Sleepiness, 1997). 

Sleepiness is the body's physiological need to sleep in order to repair itself. 

(NCSDR/NHTSA Expert Panel on Driver Fatigue and Sleepiness, 1997). Although people 

have employed numerous ways to delay the onset of sleep by exercising, using chemical 

stimulants, and temperature changes, sleepiness returns when they sit still and perform 

repetitive tasks (Mitler et al., 1988). Increase in sleepiness has been shown to be directly 
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related to deterioration in vigilance, driving performance, cognitive performance and 

psychomotor coordination (Dinges, 1995). However, the individual's ability to recognise the 

onset of sleep in oneself may occur well after the manifestation of physiological and 

behavioural indicators of sleep (Lyznicki et al., 1998). 

Sleepiness, fatigue, inattention, and low vigilance have been used throughout the literature to 

describe the same phenomenon, and sometimes used interchangeably within the same paper 

(Torsvall and Akerstedt, 1987; Dinges, 1995; Lal and Craig, 2001; Caffier, Erdmann and 

Ullsperger, 2003). Fatigue and vigilance are by far the two most frequently used terms to 

denote performance during sleepiness. The term vigilance is usually addressed in two ways: 

as a physiological processes related to alertness and wakefulness, and in relation to the 

cognitive process and the ability of processing information (Thiffault and Bergeron, 2003b ). 

However, throughout the literature there has been a general lack of consensus on the 

definition of fatigue. Some have defined fatigue as a state marked by a reduction in the ability 

to perform mental work and general lack of motivation to do work (Grandjean, 1979, 1988). 

In 1994, Brown defined fatigue as a "disinclination to continue performing the task", with a 

decline in the efficiency of performance if work continued after the person becomes fatigued. 

Fatigue can be broadly identified as the period of transition between wakefulness and sleep; 

therefore, continued fatigue can lead to sleep (Brown, 1994). 

Fatigue may be further subdivided into physical and mental categories. Physical fatigue is 

when muscle fatigue is reached, whereas mental fatigue is psychological in nature 

(Grandjean, 1979; Lal and Craig, 2001; Veldhuizen, Gaillard and de Vries, 2003; Vanlaar, 

Simpson, Mayhew and Robertson, 2008). In driving terms, however, definitions of fatigue 

and vigilance require further refinement to reflect the driving context. 

Driver fatigue is the general psychophysiological state in which the driving performance of 

an individual is greatly reduced due to a change in the individual's alertness and 

concentration, while vigilance is defined as the individual's ability to maintain attention on 

the road for a prolonged amount of time (Dinges, 1995; Thiffault and Bergeron, 2003b). In a 

fatigued state, drivers' reaction times become slower; fatigued drivers also perform worse in 

cognitive and psychomotor tasks as a result of reduced attentiveness and alertness 

(Williamson, Feyer and Friswell, 1996; Lal and Craig, 2002). Effects of fatigue are more 

apparent in the deterioration of performance in complex tasks than simple task (Lorist et al., 
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2000; van der Linden, Frese and Meijman, 2003; Liu and Wu, 2009). Paradoxically, a few 

studies found that fatigued drivers perform better on complicated curved roads than straight 

roads (Matthews and Desmond, 2002; Liu and Wu, 2009); one explanation could be that the 

former road type is more challenging rather than monotonous. 

Falling asleep on the job has varying consequences depending on the task at hand, and can 

range from loss of work output to loss of lives (Rosekind et al., 1996). Driving requires 

constant attention to the road and surroundings, so fatigued drivers are at a higher risk of 

causing injury or death, because in addition to falling asleep on the wheel, they also have 

longer reaction times and reduced attention to surroundings (Lyznicki et al. , 1998). As 

fatigued drivers begin to lose concentration to road conditions, their peripheral vision 

becomes narrower (known as tunnel vision) (Roge, Pebayle, Hannachi and Muzet, 2003), and 

their ability to accurately judge distances of objects deteriorates (Liu and Wu, 2009). In a 

study that examined the behaviour of drivers in 100 cars for a period of 12-13 months showed 

that driving while drowsy resulted in a higher near-crash/crash risk of up to four to six times 

relative to alert drivers . This study further showed that drowsy drivers contributed to 22-24o/o 

of near-crash/crash accidents (Klauer, Dingus, Neale, Sud weeks and Ramsey, 2006). 

The National Highway Traffic Safety Administration (NHTSA) in 1994 estimated that over 

1,500 people die every year and over 71 ,000 people are injured in fatigue-related crashes 

costing in USD $12.5 billion (Drobnich, 2005). Because fatigue cannot be measured, it is 

most likely underestimated as a main factor in crashes, and as such the fatigue related crashes 

have a wide varying percentage from 1-3% in the US to 10% in France and over 30% in 

Australia (George, 2004). In NSW, driver fatigue was identified as the prime reason for up to 

20-30% of road fatalities (House of Representatives Standing Committee on Communication, 

2000). Furthermore, fatigue-related road accidents have been found to cost around AUD $3 

billion per year (House of Representatives Standing Committee on Communication, 2000). 

In a recent Australian survey, 30% of drivers surveyed identified fatigue as one of the factors 

leading to a road crash, with 11% identifying fatigue as the main factor in road crashes 

(Pennay and Bureau, 2006). Fatigue-related crashes were also 1 Oo/o higher outside the urban 

areas. 

As a result, governments have started addressing the issues of driver fatigue by educating the 

public with road safety campaigns, such as that of the Transport Accident Con1mission, 
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Victoria (TAC) "Big Hit" campaign and that of the Road and Traffic Authority, NSW (RTA) 

'Microsleep and Circadian Rhythms' that promote fatigue management strategies. Recently, 

the Australian government transport arm, the National Transport Commission (NT C) 

introduced a training package that will minimise fatigue occurrence in heavy-vehicle drivers. 

The aim of this initiative is to train drivers in Basic Fatigue Management (BFM) and 

Advanced Fatigue Management (AFM) skills (National Transport Commission Australia, 

2008). 

1.2 Causes of fatigue/drowsiness 

There are a number of reasons why a person may feel fatigued whilst driving. These are 

usually characterised into two categories: endogenous and exogenous factors (Thiffault and 

Bergeron, 2003b ). Endogenous factors refer to factors affecting the state of the individual 

while driving. Endogenous factors originate from within the individual's body and are 

influenced by disruptions in the sleep patterns such as circadian variations, long driving 

hours, disruptions in driving patterns, and sleep deficit. Exogenous factors refer to 

environmental circumstances outside the driver's control that have an effect on the vigilance 

of the driver. Endogenous and exogenous factors are not independent factors but are in fact 

in continuous interaction with each other. Their combined effects determine the alertness and 

vigilance levels of an individual at any given time during the driving task (Thiffault and 

Bergeron, 2003b ). 

Endogenous factors such as long driving hours, time of day and sleep-related problems are 

some of the main contributors to fatigue that can be avoided and prevented, and their 

remedies could be used as part of bigger campaigns aimed at preventing fatigue-related road 

accidents (Smiley, 1998). A common symptom of driving long hours, or time-on-task effect, 

is deterioration of driving performance and the onset of fatigue, although performance 

degradation can also be observed at very early stages of driving (Thiffault and Bergeron, 

2003b ). For example, it has been reported in a Finnish study that as much as 60% of fatal 

sleep-related accidents occurred within the first hour of driving (Summala and Mikkola, 

1994; Thiffault and Bergeron, 2003b ). 
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Another term associated with driver fatigue is time-of-day effect. As stated earlier, the 24-

hour physiological circadian rhythm is a cycle comprised of high alertness periods as well as 

periods of maximum sleepiness. People with regular sleeping habits experience two periods 

of maximum sleepiness, one at night between 01:00-06:00 hours the other in the afternoon 

between 14:00-16:00 hours (Lyznicki et al., 1998). This closely resembles the known fact 

that large proportions of sleep-related accidents occur during the early morning hours (02:00-

06:00 hours) and to a lesser extent during the afternoon period (14:00-16:00 hours) (Packet 

al., 1995; Thiffault and Bergeron, 2003b ). 

1.2.1 Sleep-related factors 

Sleep-related factors such as sleep deficit, sleep apnoea and sleep fragmentation also increase 

accident risk (Thiffault and Bergeron, 2003b ). Fell and Black (1997) state that 57% of drivers 

who had a fatigue-related incident (a fatigue incident is defined as an accident, near accident, 

or accidental lane-drifting caused by fatigue) reported that they did not have a full night of 

continuous sleep the night before the trip in which the accident happened. Furthermore, the 

tin1e awake is also a contributing factor regardless of the amount of sleep the driver had the 

night before the trip. About 30% of the drivers with fatigue-related incident reported to have 

been awake for at least 17 hours when the incident occurred (assuming a normal waking time 

of 16 hours and 8 hours of sleep), with 11% being awake for over 20 hours (Fell and Black, 

1997). For all classes of drivers, significant increases in subjective fatigue, changes in 

physiological state and degradation in driving performance occur after considerably less 

driving time than cunent regulations alluw ( 10 hours) (Miller and Mackie, 1980). 

In a study by Akerstedt (Akerstedt, Kecklund and Horte, 2001 ), it was shown that time of day 

is an important factor in car accidents as the accident risk increased by 5.5 times and by 10 

for fatality associated accident during the early morning hours. In another study in Norway 

(Sagberg, 1999), showed that while drowsiness was a reported factor in 3. 9o/o of accidents, 

the figure was sharply higher in night-time accidents where it rose to 18.6%. 

Studies of corporate and commercial pilots showed that on average, long-haul, short-haul and 

overnight cargo flights pilots had 6.4, 6. 7 and 6.3 between flights( Gander et al., 1998a; 
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Gander et al., 1998b; Gander et al., 1998c ), and alarmingly 71 o/o and as high as 80% of 

corporate and regional pilots respectively, admitted to sleeping while in the cockpit (Co, 

Gregory, Johnson and Rosekind, 1999; Rosekind et al., 2000). 

1.2.2 Monotony 

Studies have shown that driver fatigue occurs more frequently on road environments such as 

highways and freeways that are usually monotonous in nature (Thiffault and Bergeron, 

2003b ). Highway night drivers were reported to be particularly susceptible to fatigue-related 

accidents (Akerstedt, Czeisler, Dinges and Home, 1994). In a study that compared self-

reported fatigue driving in the US and Norway (Sagberg, 1999), it was found that US drivers 

repotied higher incidents of drowsy driving which could be attributed to differences in the 

road design and road environment between highways in the US and Norway. Furthermore, 

the dual situations of straight, monotonous roads along with low traffic increase the risk of 

falling asleep while driving (Sagberg, 1999). The higher US incidents rates can be explained 

by the fact that the straight, monotonous roads are 1nore prevalent in the US than in Norway. 

It was also observed that an individual's driving ability diminishes more rapidly on sections 

where the road is straight than on curved sections (Desmond and Matthews, 1996). In 

another study by Thiffault and Bergeron (2003b ), it was concluded that the onset of fatigue 

occurs during the earlier stages when the driving environment is under-stitnulating, and that 

roadside visual stimulation has a positive effect in improving driving performance. In a 

recent study, drivers were found to become more fatigued in monotonous simulated driving 

when compared to complex simulated driving, with drivers in the monotonous driving 

environment displaying worse driving behaviour (Liu and Wu, 2009). 

1.2.3 Cultural factors 

Drivers may continue to drive even though they recognise they are tired. In Vick's (2006) 

study of young drivers (n = 12; six men, six women; one only aged >22 years) in Queensland 

who frequently drove long distances, the participants reported that they concentrate on the 

start and end points of the travel route while paying minimal attention to the actual route to 

be travelled. Secondly and perhaps more importantly, long drives were seen as tasks or 
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missions that must be accomplished and their successful completion was viewed as the 

triumph of sheer will power over the limitations of the body (Vick, 2006). Succumbing to 

fatigue was regarded as weakness and failure, and these views were observed in both males 

and females . Vick attributed this to the cultural influences of a drive to personal achievement 

and cultural images that men are meant to conquer a difficult task requiring 'mind over 

matter' , while the women conquer the same task by employing power and good techniques 

(Vick, 2006). 

1.3 High Risk Categories of drivers 

Given the factors of drowsiness, we can then identify groups where two or more of the 

factors are prevalent and therefore place them at a higher level of risk than we do the general 

public. 

1.3.1 Young Drivers 

Young drivers aged 16-29 years are at a higher risk of falling asleep while driving (Williams, 

2003 ; Shope and Bingham, 2008) and they are four times more likely to be involved in a 

fatigue-related crash than are older drivers. Moreover, young drivers are responsible for 

almost two-thirds of all fatigue-related crashes (Maycock, 1997). Many factors contribute to 

young drivers' lack of sufficient sleep such as demands of jobs and school, as well as late 

night socialising and extracurricular activities (NCSDRJNHTSA Expert Panel on Driver 

Fatigue and Sleepiness, 1997; Lyznicki et al., 1998). Furthermore, young drivers take fewer 

breaks while driving and take more risks than do older drivers (Summala and Mikkola, 1994). 

The accident toll reflects this trend; while young adults make up 15o/o of the Australian 

population, they represent over 31% of fatal car accidents (Triggs and Smith, 1996). 
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1.3.2 Shift Workers and professional drivers 

About 20% of the population work non-regular hours due to rotating and night shifts 

(Lyznicki et al., 1998). Disruption in wake and sleep periods can result in less sleep time and 

reduced sleep quality, with late night workers sleeping 1.5 hours less than their counterparts 

(NCSDR/NHTSA Expert Panel on Driver Fatigue and Sleepiness, 1997). 

Studies have also shown that sleep disruptions caused by irregular work shifts affected 

performance, susceptibility to making critical errors, and led to lapses in attention (Dinges, 

Orne, Whitehouse and Orne, 1987; Lyznicki et al., 1998; Jackson et al., 2008). Furthermore, 

drivers on an irregular schedule are at a greater risk of developing fatigue, physiological 

stress, and performance deterioration with relation to their counterparts on a regular schedule 

who may have worked a similar number of hours (Miller and Mackie, 1980). 

In another study of driver fatigue, it was shown that in 312 drivers involved in crashes in the 

state ofNorth Carolina, 155 of those crashes were fatigue-related (Stutts, Wilkins, Scott 

Osberg and Vaughn, 2003). The results of telephone interviews conducted with the drivers of 

the control group and the case group, indicated that the drivers in the fatigue-related crashes 

were more likely to work in multiple jobs and/or have other irregular work schedules (Stutts 

et al., 2003). 

While professional drivers recognise the onset of fatigue and its dangers, they continue to 

drive beyond the prescribed driving-ti1ne li1nit to meet delivery schedules due to pressures 

from the employer. In a study of Israeli port drivers, as many as 3 8.1 o/o of the drivers worked 

over the 12 hours legal limit, with more than 30o/o falling asleep at the wheel recently 

(Sabbagh-Ehrlich, Friedman and Richter, 2005). The major reason for the long working 

hours was the demands by the employer for extra hours . Another study showing similar 

results was conducted on heavy haulage drivers in Australia showed that 38% of the drivers 

drove for over 14 hours, and that number rose to 51% when other work activities alongside 

driving were included (Arnold et al., 1997). 

Professional drivers of heavy vehicles and public service vehicles regularly drive long 

distances. Furthermore, since these drivers have no control over their work schedules, they 

tend to work irregular and long hours which sometimes necessitate that they drive during the 
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low periods of their circadian rhythms. This disturbance to the normal schedule results in a 

decline in driving performance, which in tum increases the risk of fatigue-related crashes 

(Fuller, 1980; Miller and Mackie, 1980; Lal and Craig, 2001 ). 

Further compounding the effect of irregular shift work and long drive hours is sleep 

deprivation which as many as 50% of the drivers in the Philip study(Philip and Akerstedt, 

2006) stated that they had decreased their total sleep time, with 12.5% responding with a 

sleep debt of> 180 mins and 2. 7% with a sleep debt of> 300 mins. This is alarming because 

in a study of National Transportation Safety Board (National Transportation Safety Board, 

1995) the mean sleep durations prior to a drive resulting to an accident was below 6 hours. 

1.3.3 Drivers who use Alcohol and other drugs 

Although individually, alcohol and fatigue are two distinct factors in car accidents, studies 

have shown that the interaction of the triple factors of sleepiness, alcohol and sleep restriction 

further intensifies the sedating effects of alcohol (even if it is below the legal blood/alcohol 

level of 0.05 g/1 OOml). The combination of alcohol and sleep deprivation degrades the 

driving perforrnance to a degree greater than does either fatigue or alcohol alone 

(NCSDR/NHTSA Expert Panel on Driver Fatigue and Sleepiness, 1997). In addition, in the 

New York area, police reports state that the majority of crashes where fatigue or falling 

asleep at the wheel were found to be causes of the crash, alcohol involvement was also found 

as a secondary factor (New York State Task Force on Drowsy Driving, 1996). In a driving 

simulation study, Roehrs and colleagues were able to show that even in modest amounts the 

presence of the three factors: sleep restriction, low alcohol concentration, and low blood 

ethanol, degrades the driving performance in terms of drifts from the centre of the road more 

after 4 hours of sleep than after 8 hours of sleep (Roehrs, Beare, Zorick and Roth, 1994). In 

another simulator study by Howard et al. (2007) drivers who had a low blood/alcohol level 

of 0.03 but who had been awake for an extend period of time (18-21 hours awake) had more 

lapses, greater lane deviations and performed worse in general than drivers who had a higher 

blood/alcohol level of 0.05 but who had been well rested. 
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1.3.4 Drivers with sleep disorders 

Driving long distances with minimal road condition changes is one of the factors of driver 

sleepiness, and the condition is worse for drivers with sleep disorders (Aldrich, 1989; 

McNicholas, 2001). Although narcolepsy (a condition characterised by the combination of 

excessive daytime sleepiness and disorder of rapid eye movement sleep (Lader, Cardinali and 

Pandi-Perumal, 2006)) affects only a small section of the population, those suffering from 

narcolepsy are at a higher risk than their counterparts of falling asleep at the wheel (George, 

Boudreau and Smiley, 1996; Findley, Suratt and Dinges, 1999; George, 2004). In sleep 

disorder centres, sleep apnoea patients (a sleep disorder in which patients exhibit irregular 

breathing such as pauses in breathing during sleep (Lader et al. , 2006)) reported high 

accident rates ranging from 31% to 93%, while 40-48% of narcoleptics fell asleep at the 

wheel and as many as 25% had accidents due to falling asleep (Aldrich, 1989). In addition to 

sleeping at the wheel, other factors that contribute to the higher accident rates were poor 

judgment of road conditions and the driver's own ability and impaired reaction time (Aldrich, 

1989), and cataplexy (a medical condition of muscular weakness which may range from a 

barely noticeable slackening of the facial muscles to a total collapse (Lader et al., 2006)) 

which is also a contributing factor for narcoleptics (a condition present in more than one-

fourth of all narcoleptics) (Broughton et al., 1981 ). 

In a recent study by Gurubhagavatula (2008), it was shown that drivers have moderate sleep 

apeana and will incur an estimated US$8200/year if left untreated, these findings mirrors 

another study by Haraldsson et al. (Haraldsson, Carenfelt, Diderichsen, Nygren and Tingvall, 

1990) in which it was shown that persons with untreated sleep apeana had higher rates (as 

high as 12 times) of single car accidents than their counterparts in the control group. 

1.4 Indicators of Fatigue 

The previous review (section 1.3) highlighted definitions and causes of fatigue. This section 

will discuss the various indicators and measures of fatigue. The indicators of fatigue usually 

fall into one of the following categories: physiological, behavioural, performance and self-

reporting measures (Belz, Robinson and Casali, 2004). The following sections describe each 

of these categories in more detail. 
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1.4.1 Physiological indicators and measures of fatigue 

1.4.1.1 Electroencephalography 

Electroencephalography or EEG is the recording and analysis of changing electrical 

potentials due to the activity of the cerebral cortex (brain) measured by electrodes placed on 

the scalp. There are four main physiologically meaningful frequency bands of EEG activity: 

delta, theta, alpha and beta (in order of increasing frequency) (Fisch, 1991 ). 

Delta (0.5- 4 Hz): Present during sleep and deep sleep. Delta waves have the highest 

amplitude of all of the waves and, they are widespread and can be found throughout the head 

regton. 

Theta (4.1- 8Hz): Present at sleep the transitional state between wakeful and sleep and 

used as an indicator of fatigue. Theta waves are slow waves with higher amplitude than the 

alpha and beta waves. They are usually regional but may involve many brain lobes. Theta 

waves disappear during periods of concentration and alertness. 

Alpha (8.1 -13Hz): Occurs during wakeful periods, the alpha frequency is usually 

consistent for a given person and may deviate within 1 Hz with changes in attention and 

sleepiness states and after eye closure. The frequency of the alpha waves should be the same 

in both hemispheres, and slight differences may indicate abnormalities such as lesions in the 

underlying cortex. The alpha waves have the greatest amplitude in the posterior region, and 

are most persistent in around the occipital and parietal regions. During the onset of 

drowsiness, alpha waves can be observed around the frontocentral head region (when 

referenced to ear, neck/chest, or average). Alpha waves are blocked by eye opening, sudden 

alerting, visual and other stimuli, and with mental concentration. 

Beta (--13-30Hz): Like alpha waves, beta waves occur mainly during wakeful periods, 

however they last longer into drowsiness than their alpha counterpart. Beta waves are 

labelled by their location: i) frontal beta rhythms, the most common type, sometimes extend 

to the central regions, and are blocked by movement and physical stimulation. ii) wide-spread 

beta rhythm, as the name suggests is present around the whole head and is not blocked by 

anything, and iii) posterior beta rhythm, also known as fast alpha variant because it alternates 
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with alpha rhythms and is blocked by the same factors as the alpha rhythms, and is around 

twice the frequency (16-20 Hz) of the alpha rhythms. 

The deterioration of alertness during driving is not one continuous process; rather, it is a 

combination of successive periods of 'microsleeps ' , and while it is possible to measure the 

different levels of alertness and fatigue via numerous physiological indicators, the EEG 

signal appears to be most reliable (Artaud et al., 1994; Lal and Craig, 2002). 

Although it is well known that the appearance of the delta and theta waves is a good indicator 

of the onset of fatigue/sleepiness, there is a lack of consensus on a reliable way to represent 

or analyse it. One way has been to use a power spectrum analysis on the EEG signals 

(Tors vall and Akerstedt, 1987; Lal and Craig, 2001 ). Another study looked at the topography 

of EEG amplitude change (Burgess and Gruzelier, 1997), and yet another research examined 

the resting alpha asymmetry and exhibited adequate levels of test-retest stability and internal 

consistency reliability (Tomarken, Davidson, Wheeler and Kinney, 1992). One problem with 

the Tomarken et al. study (1992) was that analysis with the different EEG frequency bands 

indicated some degree of variability as a function of frequency band and brain region (i.e. 

parietal, occipital, temporal, or frontal ), while a different study reported stable EEG 

amplitude reliabilities for all bands except delta activity in healthy older adults (Pollock, 

Schneider and Lyness, 1991 ). 

Early studies did not have a clear definition of fatigue, and it was thought of as a stage similar 

to sleep (O'Hanlon and Kelly, 1977). In studies conducted by O'Hanlon and Kelly (1977) 

data from the drivers were divided into two groups based on driving performance. The 

'poorer' driver group had higher overall drift frequencies, and conversely the 'better ' driver 

group had lower overall drift frequencies. In all of the studies the mean alpha power was the 

same for the better and poorer groups, however, near the end of the experiment the poorer 

group showed a marked increase in the mean alpha power while the better group maintained 

the same level. The mean power in the theta band was slightly higher in the poorer group 

than in the better group with the difference increasing as the experiments continued. As for 

the delta band, the poorer group started with a slightly lower value, but once again, that value 

increased as the experiment progressed. At instances of significant driver behaviour 

deterioration the EEG showed abrupt, negative-peaking waves (which O'Hanlon compared to 

"vertex sharp waves" or "poorly developed k-complexes" which are EEG waveforms 
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occurring during the second stage of non rapid eye movement (NREM) sleep), thus equating 

them to the EEG signs of light sleep. Furthermore, EEG recordings of two subjects who 

seemed asleep while driving were the first such recordings of a "mixture of signs of sleep and 

wakefulness that was observed in close temporal proximity and has never been observed for 

healthy subjects under more typical recording circumstances" (O'Hanlon and Kelly, 1977, p. 

107). 

A study by Akerstedt and Folkard in 1995 used an EEG to validate the Three-Process Model 

of alertness Regulation. The three-process model uses subjective alertness data from various 

altered sleep-wake patterns and models the data according to three parameters: circadian 

influences (C), time since awakening (S), and sleep inertia (W). When the sinusoidal wave-

form of the circadian influence (with an afternoon peak) was added to the time since 

awakening logarithmic graph, it produced a model for a predicted alertness. The validity of 

the model was tested against EEG readings from four tests, two field studies and two under 

laboratory settings. The first field study involved 15 truck drivers during a 500-km night 

drive totalling 10-12.5 hours of work; the second was on 11 train drivers during a 350-km 

night-drive totalling 4.5 hours (Akerstedt and Folkard, 1995). EEG signals were collected, 

conditioned (by removing artefacts after a careful visual inspection) and analysed (using a 

Fast Fourier Transform with a time window of 0.25 seconds, intervals of 7.5 seconds and a 

sampling rate of 68 Hz, and broken into the four different EEG frequency bands). In the first 

study, results showed a significant increase in the power density of the alpha and theta bands 

when correlated with either the increase in the duration of the drive or subjective sleepiness. 

While in the second study, the results showed a significant increase in the n1ean power 

spectral density in the alpha, and theta bands increased during the night. Subjective sleepiness 

and slow rolling eye movements also increased significantly during the night (Akerstedt and 

Folkard, 1995). Results from both studies showed an increase of two to three times in the 

power density of both alpha and theta bands. These studies demonstrated that the three-

process model of alertness was successful at predicting subjective and BEG-based sleepiness 

measures in situations of irregular sleep and waking. 
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1.4.1.2 Electrooculography (Eye Movement) 

Eye movements can be measured in a number of ways. Electrooculography (EOG) and eye 

lid movements are by far the two most popular ways to measure eye movement. 

In a study by Santamaria and Chiappa (1987), data from 55 normal adult subjects were taken 

(the data included 16 EEG channels, 2 EOG channels, a mechanical eye motion transducer 

channel, and electrocardiogram or ECG channel). In addition to the EOG channels, an eye 

motion transducer was used to track the movement of the eyelids which is not easily visible 

in the EOG channels; this is particular true in the case of small-fast-rhythmic and small-fast-

irregular eye movements which are only detected using the eye movement transducer. 

Santamaria and Chiappa examined eye movement as an indicator of fatigue with the 

following findings (Santamaria and Chiappa, 1987): 

Awake Eye movements: were characterised by "frequent, gaze-related, fast eye movements 

in any direction" (Santamaria and Chiappa, 1987, p. 16). Blinks with high amplitude and 

mini-blinks with moderate amplitude were also observed. 

Early Drowsiness: Onset of drowsiness was characterised by significant reductions in mini-

blink rates. And two-thirds of the subjects had periods without any eye movements, while 

the other one-third displayed episodes of "small, high-velocity ( < 1 00 msec ), and irregularly 

repetitive ocular motions" (Santamaria and Chiappa, 1987, p. 17). 

Mid-Drowsiness: The progression to this stage involves the regularity of the eye movement 

in 30o/o of the subjects where they exhibited "short periods of small, fast (3-8 Hz), rhythmic 

eye motions" (Santamaria and Chiappa, 1987, p. 17) along with the appearance of Slow Eye 

Movements (SEM). 

Late Drowsiness: Slow Eye Movements were more prominent and increased in amplitude 

until reaching maximum amplitude in this stage. In deeper states of drowsiness, SEM began 

to decrease in amplitude and sometimes began to disappear. 
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Arousal Eye movements: Half of the subjects showed a "single, high-amplitude, vertical 

(less frequently horizontal) eye movement in the EOG" (Santamaria and Chiappa, 1987, p. 

18) when aroused from drowsiness with an external stimulus. 

Early studies such as that of Santamaria and Chiappa (1987) have been important in proving 

eye movement and specifically eye-blinks as indicators of fatigue. This has been further 

confirmed by studies that demonstrated that analysis of spontaneous blinks could provide 

significant information regarding fatigue (Sirevaag and Stem, 2000; Caffier et al. , 2003). 

Caffier, et al. (2003) propose eye blink as a measure of fatigue because it is an easy 

observation to measure. Early studies, however, required the placement of electrodes which 

introduced a new variable in the measurement (Oster and Stem, 1980). New advances have 

made it easier to measure spontaneous eye blinks involving little contact with the subject, 

thus providing a more non-invasive measurement (Caffier et al., 2003). The contact-free 

procedures utilise photo-, video- and reflecting techniques to correctly measure eye-blinks, 

and its sub-components such as closing times and reopening times. Caffier et al. (2003) 

concluded that there was a slight decrease of blink frequency with an increase in blink 

duration, eyelid closing time, eyelid closed time and eyelid reopening time in the drowsy 

state compared to the alert state in the same individual. Yet in another study, Papadelis et al. 

(2007) concluded that both the eye blinks rate and the eye blinking duration increased with an 

increase in the driving time, although only the eye blinking duration was statistically 

significant. In the Caffier study, the blink duration increase was as much as 50 ms longer, 

which is an increase of about a quarter on the average blink period (Caffier et al. , 2003). 

However, of the three blink sub-components (the blink duration, eyelid reopening time and 

eyelid closing time) that were measured, the reopening time parameter had the strongest 

correlation with total blink duration. Furthermore, the eyelid reopening time increased by an 

average of one-third of the reopening time in the alert state. 

1.4.1.3 Piezofilm Movement Sensors and Strain Gauge Pressure Sensors 

Transducers are materials that convert energy from one form (such as sound or movement) 

into another form (such as electrical), and thus they are very common in sensor equipments 

(Piezo Film Sensors: Technical Manual). Both piezofilm sensors and strain gauge sensors 

15 



generate electrical currents when the sensor material undergo physical change due to outside 

forces (such as hand movement from the driver) and sensor may produce an output signal that 

represents the magnitude of the pressure or force that is applied to the sensor (Burton, 2004). 

The non-invasive ways of monitoring a driver's physiological data is to measure movement 

activity, cardiovascular, respiration and other physiological functions. A patent by the 

industry partner in this research, Compumedics, Australia (patent number: WO 00/44580) 

examines the possibility of gathering physical movements via a plurality of sensors using 

touch sensitive mats placed at locations in the vehicle that make contact with the driver such 

as the driver seat, steering wheel, pedals, seat belt, etc. (Burton, 2004). In the patent, the 

piezofilm sensors were used to detect movements over the material (such as hand movements 

over the steering wheel or the driver' s body movement on the driver' s seat), while the strain 

gauges were used to detect 

The signals from the sensors are processed by a computer to recognise particular movements 

or patterns of movements, and changes in drivers ' postures or profiles. 

1.4.2 Self report and behavioural tests and scales 

One way to measure fatigue is to assess the subjective experience of fatigue by means of self-

reporting (Lal and Craig, 2002). Another method is to train observers to detect changes in a 

driver's fatigue level according to a number of video-based criteria (Wierwille and Ellsworth, 

1994). While studies have demonstrated that subjective measures are sensitive enough to be 

used in detecting fatigue, the fact remains that subjective measures are more biased and based 

on an individual's own inclinations than on objective measures. Most of the self-report 

questionnaires are for assessment of chronic sleepiness, which is one of the contributors to 

fatigue. Smne widely-used questionnaire or self-rating tools are listed below. 

The Epworth Sleepiness Scale (ESS): is a set of questionnaires designed to quantify 

individuals' sleepiness level by measuring their tendency to fall asleep during normal daily 

activities such as sitting, reading and watching TV. The ESS is not, however, designed to 

measure sleepiness due to acute sleep loss (Johns, 1991 ). 
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Multiple Sleep Latency Test (MSL T): This test is conducted in a laboratory environment. 

It measures an individual's tendency to fall asleep in a sleep-promoting experiment during 

which the instructor directs the individual to try to fall asleep during four or five 20-minute 

nap opportunities which are separated by 2 hours. The test is centred on the premise that 

individuals who fall asleep faster are sleepier. The MSLT was developed for 

neurophysiological assessment, and unlike the ESS test, the MSLT is sensitive to acute as 

well as chronic sleep loss (Carskadon et al., 1986). 

The Stanford Sleepiness Scale (SSS): is a self-report measure that contains statements by 

which individuals rate their current level of alertness. Like the MSLT, the ESS is sensitive to 

sleep loss (Hoddes, Zarcone, Smythe, Phillips and Dement, 1973). 

The Visual Analogue Scale (VAS): is a self-report scale, where the subjects rate their 

sleepiness in a continuum along a 1 00-mm line (Wewers and Lowe, 1990). The scale starts 

from "just about to fall asleep" at one end to "as wide awake as I can be" at the other end. 

The subjects mark on the sleepiness line scale their current sleepiness level. The score is then 

calculated by measuring the distance in millimetres from the mark placed by the subject to 

one end of the scale. 

1.4.3 Driving Performance and driving tests 

1.4.3.1 Driving Performance 

Measure of performance and vehicle control is the least intrusive method for measuring 

fatigue levels and detecting the onset of fatigue. The drawback of using performance as a 

measure of fatigue is that the deterioration in driver performance may occur well after the 

onset of fatigue (Williamson et al., 1996; Boyle, Tippin, Paul and Rizzo, 2008). The delay in 

the decline in performance in comparison to the onset of fatigue could be attributed to the fact 

that some drivers (especially experienced drivers) are able to compensate for the deterioration 

in driving despite their diminished capacity (Belz et al., 2004). 
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1.4.3.2 Lane Deviation and steering wheel position 

In a study led by Riemersma (1977) on prolonged night driving, it was observed that driving 

performance decreased. Driving performance was measured using a combination of variables 

including lane position, steering wheel deflection, speed and longitudinal acceleration. Of 

the four factors measured, lane deviation produced the greatest change when compared to 

pre-test and post-test values. In another study by Wierwille (Wierwille, Lewin and Fairbanks 

Iii , 1996), the measurements in Table 1.1 were recorded from the car environment. 
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Table 1.1: Driver performance variables collected in a driver drowsiness study (Wierwille 

et al., 1996; Tijerina et al., 1999) 

Measured Variable Definition 
STVELV The variance of steering wheel velocity, where steering 

(STeering wheel VELocity velocity is measured in degrees/sec. Steering wheel 

Variance) position was recorded at approx. 0.1 degrees resolution, 

the steering velocity noise was within 2 degrees/sec. 

LGREV The number of times that the steering wheel movement 

(LarGe REVolution) exceeded 15 degrees after steering velocity passed 

through zero. 

MD REV The number of times that the steering wheel movement 

(MeDium REVolution) exceeded 5 degrees, but did not exceed 15 degrees, after 

steering velocity passed through zero. 

LNMNSQ The mean square of lane position with respect to lane 

(LaNe MeaN SQuare) centre measure in feee. Calculated from two rear-

mounted downward-facing cameras that captured 

approximately a 7-foot field of view each. Video output 

was processed through a VRTC-built video processing 

board to determine lane line position with respect to 

vehicle reference points. Resolution of the system 

averaged approximately 1 inch. 

LANVAR The variance of lateral position relative to lane centre, in 

(LANe VARiance) feet2
. Calculated from the two rear-mounted cameras in 

the same way as LNMNSQ was calculated. LANV AR is 

equal to LNMNSQ only when the mean lane position is 

zero (i.e. lane centre). 

LANE X The proportion of time any part of the vehicle is outside 

(LANe EXtra) the lane boundary. 
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Table 1.1 Continued 

Measured Variable 
INTACDEV 

(Lateral ACceleration 

standard deviation) 

Definition 
The standard deviation for the lateral velocity of the 

vehicle, measured in volts where one volt equals 73.34 

feet/sec. Derived from lane position sensor information. 

Lateral acceleration calculated from yaw rate (in 

degrees/second) and travel speed (in feet/second). This is 

then integrated and filtered via a "leaking integrator 

function" applied to derive lateral velocity, which is then 

converted to volts 

HPY A WRTDEV (High Pass The standard deviation of yaw rate after being subjected 

YAW RaTe standard to a high pass filter, in units of degrees/sec. 

Deviation) and HPYAWRTV AR is the square ofHPYAWRTDEV. 

HPY A WVAR Yaw rate sensor output is high pass filtered in post-

processing with a corner frequency of 0.08Hz. The 

purpose of high pass filtering is to remove the effects of 

curvature of the yaw rate signal. The result is a measure 

that reflects changes in control of vehicle alignment 

1.4.4 Video Analysis 

Video assessment is another non-invasive method that has been used in the detection of 

driver fatigue. Trained raters can estimate fatigue based on the visual display of the driver's 

video-captured image. Visual characteristics include facial tone, slow eyelid closure, 

n1bbing, yawning, and nodding (Wierwille and Ellsworth, 1994; Lal and Craig, 2002). 

However, scoring is subjective and depends on the rater. Therefore, it is necessary that each 

rater use a similar scoring method in order to have a rating that is consistent. Wie1wille and 

Ellsworth (1994) developed a method that has been widely used in video scoring of fatigue. 

This method was verified against other drowsiness indicators and was shown to have a high 

correlation, which validated the observer ratings as yet another measure of drowsiness 

(Wierwille and Ellsworth, 1994). In the experiment, 6 raters were shown 2 video-tapes with 
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different segments to rate. A rating scale was also provided along with instructions on how 

to score the different segments against the scale. The rating scale is a continuous scale 

containing five descriptors: Not Drowsy, Slightly Drowsy, Moderately Drowsy, Very 

Drowsy and Extremely Drowsy. The experiment was conducted over two sessions, with a 

week of rest in between. The video-tapes had 24 segments each with some of the segments 

being repeated. This experiment was set up to test a number of parameters: intra-rater 

reliability, test-retest reliability, and inter-rater reliability. The results of this particular study 

showed that raters were consistent within themselves, that is, the intra-rater and test-retest 

reliability were not significantly different. However, the inter-rater reliability showed 

different ratings between raters, which are expected because each rater has biases according 

to his/her own understanding of the definition of drowsiness. 

Furthermore, in a study designed to evaluate the video rating done with a grant from a car 

manufacturer(Vohringer-Kuhnt, Baumgarten, Karrer and Briest, 2004), showed that once the 

raters were trained on scoring the video, they scored all subsequent videos in the same way, 

the investigation showed that inter-raters reliability was 0.965 and for test-retest reliability 

was 0.961. It is also worth mentioning that in some studies that use other methods of fatigue 

indicators such as driving performance and PERCLOS, that video ratings are also used as a 

further validation tool(Belz et al., 2004; Rimini-Doering, Altmueller, Ladstaetter and 

Rossmeier, 2005). 

1.5 Fatigue/Drowsiness Detection and Countermeasure Systems 

The previous section provided a review of various indicators of fatigue. This section will 

review some of the methods that have been proposed in the development of fatigue or 

drowsiness countermeasures or detecting systems. 

Driver drowsiness leads to car crashes, and although there are no direct tests to identify 

whether the driver was fatigued before the crash, there are tell-tale signs that could help to 

identify the state of the driver prior to the accident. Driver fatigue has become a recognised 

factor in car collisions and road accidents. A study showed that prior to 1993, around 20o/o of 
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the published work was on countermeasures, whereas in 2001 the number had reached close 

to 63o/o (Heitmann, Guttkuhn, Trutschel and Moore-Ede, 2001). 

The more of the following criteria that are met, the more likely that the crash was fatigue-

related (NCSDR/NHTSA Expert Panel on Driver Fatigue and Sleepiness, 1997): i) the 

accident occurred late at night (Pack et al. , 1995), ii) the accident was likely to be serious 

(Home and Reyner, 1995), iii) a single vehicle leaves the roadway (Packet al., 1995), iv) 

the accident was on a highway (Packet al. , 1995), v) the driver does not attempt to avoid 

crashing (Wang, Knipling and Goodman, 1996), and vi) the driver was alone in the vehicle 

(McCartt et al. , 1996). 

Due to the high socio-economic and emotional burden associated with fatigue-related 

accidents, there have been investigations to find a suitable fatigue detection method that 

would be able to prevent such fatigue-related losses. Most researchers use or propose the use 

of some of the fatigue indicators discussed above (in section 1.4) as a basis for developing 

fatigue-detecting systems. They include devices such as brain activity monitors, eye 

n1ovement and eye closure monitors, driving performance monitors and vehicle tracking 

detection devices that detect lane changes. 

There are various ways to cope with fatigue, ranging from the sophisticated head position 

sensors and eye gaze systems to the less expensive procedures (practical countenneasures) of 

opening the window to let in cold air, listening to the radio, or taking an exercise break. Even 

though the best way to reduce the effect of fatigue is to get enough sleep and avoid driving 

during the hours when there is a high probability of sleepiness, this is not always possible. 

Previous researchers have argued for the development of driver-support systems, which 

potentially would have the ability to detect fatigue symptoms and in tum would either 

provide appropriate warnings, or intervene directly (Brown, 1994; Brown, 1997). 

In the following sections, some of the currently proposed countermeasures are discussed. 
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1.5.1 Current Proposed Countermeasures 

1.5.1.1 Engine Driver Vigilance Telemetric Control System (EDVTCS): 

J-S Co. NEUROCOM, Russia 

The system measures the driver vigilance via the electrodermal activity (EDA) and the 

electrodermal response (EDR) of the driver. The system consists of a portable system 

implemented as a wrist-watch and a stationary unit which receives the EDA and EDR signals 

transmitted from the portable unit via radio frequency (RF). The unit then analyses the 

signals and interprets the driver ' s vigilance state (Neurocom, 1996). The system uses the 

characteristic of the EDA response to an unknown stimulus to indicate the arousal level, but 

not as a measure of the workload on the driver. The EDR to external stimuli is slow with a 

delay of 1.3 to 2.5 seconds after the initial stimulus on the skin. The left picture in Figure 1.1 

shows the portable unit that sits in the "driver environment". It consists of a wrist-watch (that 

tneasures the EDA and EDR of the driver) and an RF transmitter. The picture on the right is 

the stationary unit, which picks up the transmitted signals and runs the analysis software on 

the driver' s data. The device is currently used only in the Russian Railway as part of the 

safety system of the train ; however, there have not been enough results in the literature to 

validate its \Vide applicability. 

Figure 1.1: EDVTS parts, the wrist watch, portable unit and the stationary unit. (J-S Co. 

NEUROCOM, Russia) 
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1.5.1.2 Alertness and Memory Projiler (AMP) 

Advanced Brain Monitoring, USA 

Developed by Advanced Brain Monitoring (ABM), USA, the Alertness and Memory Profiler 

is a portable unit that records brain activity and measures performance during tests of 

attention, vigilance and memory to determine the level of fatigue and degree of impairment. 

The AMP measures the effects of sleepiness on performance with a system of hardware and 

software that consists of a data acquisition unit embedded (the fatigue monitoring unit) in the 

head unit and a monitoring unit consisting of a personal computer with a transceiver unit that 

is also able to store the data for offline analysis. 

The fatigue-monitoring unit consists of a cap with sensors (electrodes that dispense a small 

amount of conductive gel) and a control module. The control module is a microcontroller that 

monitors all the EEG activity and the brain's response to various stimuli (b-alert, 2005). The 

drawback to this system is that the monitoring unit is a computer that is usually located away 

from the user/driver, and thus the users/drivers are not informed of their fatigue level. 

Figure 1.2: The Fatigue Monitoring Unit of the AMP system (Advanced Brain Monitoring, 

USA). 
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1.5.1.3 ARRB Pro-Active Fatigue Management System 

Australian Coal Association Research Programme (ACARP), Australia 

Australian Road Research Board (ARRB) Pro-Active fatigue management system is a device 

designed to monitor the haul truck operator alertness. The system consists of 3 parts: 

1. Fatigue monitoring unit with a radio transmitter. 

2. Computer with a transceiver. 

3. Talk through repeater. 

This fatigue management system uses the concept of response time to a stimulus as its core 

measure of the operator's level of vigilance. The fatigue monitoring unit consists of a control 

module which houses a microcontroller that controls and monitors all the functions of the 

vehicle monitoring system. Various inputs from the vehicle (such as brake, park brake, 

reversing single) are fed into the control module. The system also runs a number of tests in 

the form of stimulus lights and response buttons to test the operator's vigilance. The level of 

drowsiness of an operator is calculated by first establishing a baseline performance measure 

for each individual operator, then throughout the operator's shift, the tests are measured 

against the baseline performance, and an alarm sounds once the performance falls below an 

acceptable threshold. (Mabbott, 2003). Refer to Figure 1.3. Finally, the data collected is 

transmitted back to the base computer via radio waves for later analysis of the data. 

The drawback of this system is that it requires prior training and a performance profile for 

each driver. Also, no physical or psychological factors are measured to determine fatigue. 
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Figure 1.3: The fatigue monitoring panel (shown next steering wheel) (Australian Coal 

Association Research Programn1e (ACARP), Australia) 
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1.5.1.4 ETS-PC Eye tracking system 

Applied Science Laboratories (ASL ), UK 

Figure 1.4 shows the ETS-PC remote eye tracking system. Its operation is based on 

determination of the pupil centre and the cornea-reflex centres of an eye image acquired by 

the acquisition unit. It is used for the measurement of eye movements. It consists of the PC 

with the ETS software installed and an acquisition unit with supply electronics, eye camera, 

mirror tracking system and two lR illuminators (ASL, 2005). 

In a car application, a scene camera typically will pick up the scene that the test person is 

looking at. The device can cope with various weather conditions ranging from bright 

sunlight to darkness . The calibration of the unit involves the subject looking at 9 points and 

takes approximately 20 seconds. A drawback of this system is that a manual calibration is 

required for each new driver. 

Figure 1.4: ETS-PC Eye tracking system in a field trial (Applied Science Laboratories 

(ASL), UK) 
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1.5.1.5 N OV A lert 

Atlas Researchers Ltd (ARL), Israel 

The NOV Alert is a fatigue monitoring system that has a sensor embedded in a wrist-watch 

like configuration and is used as an early warning of reduced fitness-for-duty (shown in 

Figure 1.5). The personal wrist unit consists of EMG (Electromyography) electrodes, 

electronic circuitry, microprocessor and wireless transmitter. 

The NOV Alert system is used to monitor the driver's performance without interfering with 

the driving task. The unit is worn over the wrist and detects physiological signals \vhich, 

through a proprietary algorithm, correlate to a drowsiness level. The NOV Alert system is 

also able to detect trends of sleepiness by comparing drowsiness levels over a period of time 

to a baseline measurement. The system uses a built-in vibrator to arouse the driver, who then 

must perform a set of wrist movements to tum off the alarm, thereby preventing performance 

degradation (ARL, 2004) . 

The drawback of this system is the fact that it needs to be manually calibrated for each 

person. Also, the watch uses vibrations to alert the driver which is not particularly useful in 

cases of extreme drowsiness. 

Figure 1.5: NOV Alert personal wrist unit (Atlas Researchers Ltd (ARL), Israel) 
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1.5.1.6 Copilot PERCLOS Monitor 

Driving Research Center, USA 

The Copilot consists of a digital camera integrated with a microprocessor. Refer to Figure 1.6 

below. The Copilot measures the percentage of eyelid closures (PERCLOS). The fatigue 

system was based on experimental results that showed improvement in the performance of 

the driver and reduction in drowsiness when feedback about drowsiness states was given to 

the truck drivers operating a truck simulator (Grace and Steward, 2000). There are both visual 

(3 amber and 3 red light emitting diodes (LEDs)) and auditory (3000Hz tone) warning 

systems. The warning triggers are associated with PERCLOS calculated over three minutes. 

The first alert (amber) is when the eyes are 8o/o of the time over 60s. Each additional LED 

corresponds to an increase of 2% closure. The audible warnings are sounded on the first 

amber and the first red LED. The drawback of this system is that it does not work well in 

bright settings or if the driver is wearing sunglasses. 

Figure 1.6: The Copilot camera and integrated DSP (Driving Research Center, USA) 
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1.5.1. 7 ZZZZAlert 

Driv Alert Systems, USA 

ZZZZAlert is a small electronic device that is fitted into a vehicle and uses sensors on the 

steering wheel to monitor the absence of corrective movements of the steering wheel. The 

premise of the system is that during a normal drive, the driver tends to make corrective 

adjustments to the steering wheel to keep the car travelling in the desired direction. When 

these adjustments cease for more than four seconds, an alarm is sounded to notify the driver 

to make corrective adjustments. The alarm continues to sound until the normal steering 

motioned is resumed. Very little information can be found about this product, so it is difficult 

to make a judgment on its effectiveness. 
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1.5.1.8 SafeTRAC 

AssistWare, USA 

SafeTRAC, manufactured and developed by AssistWare Technology, USA, uses video 

technology to detect degeneration of driving performance. The SafeTRAC system employs 

an on-board electronic processor and a forward-looking video camera to evaluate the driving 

performance. When the system detects the vehicle drifting out of its lane or it senses erratic 

behaviour, the system generates a warning to alert the driver (Figure 1. 7). 

AssistWare was acquired by Congex (USA), and recently SafeTRAC was integrated into an 

autonomous vehicle guidance system that competed in the 2007 DARPA Urban Challenge, 

USA. SafeTRAC is still in the research phase and is not ready for commercial use. 

Figure 1.7: SafeTRAC System (left) Processing algorithm (right) (AssistWare, USA) 
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1.5.1.9 MicroNod Detection System (MINDsrM) 

Advanced Safety Concepts, Inc. USA 

The MicroNod Detection system is a head position sensor device that sits on the roof of the 

automobile and sounds alarms if drowsiness is detected (Figure 1.8). The system uses neural 

networks to first learn an individual's specific behaviour pattern, and then uses the baseline 

behaviours to detect drowsy events (identified by the presence of microsleeps) by identifying 

head nodding in the x, y, and z coordinates. The system is able to store behaviours of several 

individuals and distinguish movements from different drivers after the initial learning phase 

(Heitmann et al., 2001). The system is, however, still in the development phase and cannot 

be used for mass production. 

Figure 1.8: MINDS in laboratory settings (Advanced Safety Concepts, Inc. USA) 
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1.5.1.10 Eyegaze 

LC Technologies, Inc., USA 

The original purpose of the Eye gaze system was for use in the control of computer systems 

via the movement of the eye. This is especially useful to individuals with physical 

disabilities. It tracks the pupil centre to determine the eye's gaze, and it also records other 

eye related data such as pupil diameter, blinking and eye fixation (Heitmann et al., 2001). 

The Eye gaze System uses a video camera to capture the image of the eye and an infrared (IR) 

LED to illuminate the eye (Figure 1.9). The IR light emitted from the LED is reflected by the 

cornea in the eye, and the reflected IR light causes the pupil to be bright when the image is 

recorded by the camera lens which enhances the pupil image further. The image of the pupil 

is then fed into the Eye gaze computer that contains the image-processing software that 

locates the centres of both the pupil and corneal reflection. Finally, gaze point is calculated 

based on the positions of the pupil centre and the corneal reflection. 

The major drawback of the Eye gaze system, as is the case with most video-based systems, is 

that the camera must have a clear view of the subject's eye. The software does not work well 

if there is not a clear path between the subject's eye and the camera, such as the case when an 

person turns his head to one side, or when there is excessive squinting (Heitmann et al. , 

2001). 
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Figure 1.9: The Eyegaze System, the computer with video, the calculation procedure, 

infra-red view of the eye (LC Technologies, Inc., USA) 
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1.5.1.11 SafetyScope 

Eye Dynamics, Inc., USA 

Used mainly in alcohol and drug testing, SafetyScope serves as a fitness-for-duty screening 

tool. It uses a 90-second test to measure eye parameters such as eye movements and pupil 

diameter. The results are classified as passed, failed or invalid based on the comparison of 

the test results against the individual's baseline test scores. 

An initial laboratory pilot study was undertaken to determine the validity of the SafetyScope 

system against industry standards "Alertness Testbed measures" that included self-report 

tools (such as the Visual Analog Sleepiness Scale), performance measurements, and 

behavioural signs of sleepiness (video recordings). During the experiment, SafetyScope used 

the 90-second test to measure the individual's eye parameters. The results of the system that 

indicated "failed" and "invalid" outcomes corresponded with testbed results, with nighttime 

(and to a lesser degree mid-afternoon) recording the highest "failed" and "invalid" outcomes, 

thus indicating an individual who is unfit for work duties. This system is mainly used in a 

laboratory environment and cannot be used in the automobile environment. The algorithm 

might be useful if it can be incorporated in a video analysis system (Figure 1.1 0). 

Figure 1.10: A factory worker testing the SafetyScope System (Eye Dynamics, Inc., USA) 
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1.5.1.12 FaceLAB 

Seeing Machines, Australia 

FaceLAB is a real-time head and eye tracking system. It uses two cameras to provide a 

stereo image of the subject's face (Figure 1.11). As well as tracking, it comes with software 

to analyse the tracked parameters to predict fatigue level via PERCLOS and GazeTracker (a 

software package bundle with the Face LAB software). 

In addition to tracking the head and face movements, the use of the two cameras helps to (if 

the subject is close enough) track each eye independently as well as the pupil size and the 

vergence (the distance between the eyes of the subject). 

One of the strengths of the FaceLAB system is its ability to measure fatigue. The software 

uses true blink analyses; i.e. , the measurements are taken on the eyelid position rather than 

the bright pupil occlusion as was done in the Eyegaze™ system (Figure 1.9). Another 

strength of the system is its ability to track the subject in a range of environments ranging 

from bright sunlight to night time, from near to far positioning (via the use of its ultra-wide 

field of view mode). It also tracks the subject's movement even when the eyes are obstructed 

by other facial markers such as the head pose, nose and mouth. 

Another use for FaceLAB is to assist in the design of dynamic road signs. In an experiment 

for the German Federal Ministry for Traffic and Construction, FaceLAB gaze tracking 

functionality was used to determine the duration of fixation of the eye on specific objects on 

the road signs (SeeingMachines, 2006). 

Similar to all video technologies (see section 1.5.1.10 on Eyegaze), the drawback of the 

FaceLAB system is that PERCLOS detection will not be practical in cases where the driver 

wears sunglasses and it will also record false positives with excessive squinting. 
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Figure 1.11: The two cameras associated with the FaceLAB system and the supporting the 

software (Seeing Machines, Australia) 
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1.5.1.13 Optalert 

Sleep Diagnostics Pty Ltd, Australia 

The Optalert system is a non-invasive system that attempts to measure fatigue by tracking eye 

movements and various other eye parameters. It consists of two components: the Optalert 

glasses and the Optalert Vehicle system. The main component of the Optalert glasses is the 

infra-red transceiver located just under the left eye (shown in Figure 1.12). The transceiver 

first emits a burst of infra-red rays (IR) in the direction of the eye and subsequently it uses the 

timing and angle of the reflected rays to calculate various eye parameters such as eyelid 

closure and eye movement. Supporting the transceiver in calculating and digitising the data 

is a microprocessor circuitry located on the side frame of the glasses. The circuitry also has 

the task of transmitting the digitised data to the Optalert Vehicle system via a cable. The 

Optalert Vehicle system analyses the data and produces a number of variables such as fatigue 

level and Johns Drowsiness Scale score (Johns, Tucker, Chapman, Michael and Beale, 2006) 

as well as provides both visual and audible warnings (see Figure 1.13). The Optalert is an 

improvement on the FaceLAB in that the path between the transceiver and the eye is 

unobstructed by objects such as sunglasses (refer to section 1.5.1.12). A possible drawback of 

the Optalert system is that the eye parameters are collected from one eye only. This problem 

could be made worse if the eye where the transceiver is located has any genetic defects such 

as Ptosis (lazy eye) which may lead to erroneous readings . 
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Figure 1.12: The frame of the Optalert glasses that houses the data collection unit, the 

glasses are removed in this picture for a better view of the IR transceiver 

(Figure adapted from the Optalert website). 

Processor Speaker Indicator Connection Glasses 
pcinl 

Figure 1.13: The setup of the Optalert system inside the vehicle, compelete with the glasses 

and the vehicle system (Figure adapted from the Opalert website) 
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1.5.1.14 Tact (lnSeat Solutions, LLC) 

A pilot study using vibro-tactile stimulation of the driver's car seat has shown to considerably 

reduce driver fatigue (Heitmann et al. , 2001 ). Parameters such as head nodding were greatly 

reduced during sessions with the stimulation as compared to non-stimulation sessions. An 

operator monitoring the activity of the driver from a separate room triggered the vibro-tactile 

stimulation. The next step to this is to trigger the stimulation from a detection system. 

1.5.1.15 Driver Drowsiness Systems Comparisons. 

A thorough review of sleepiness detection devices done by TRL Limited and QinetiQ on 

behalf of the Department for Transport, USA (Wright, Stone, Horberry and Reed, 2007), in 

this review various detection devices were evaluated on a nun1ber of criteria such as 

sensitivity, validation issues, intrusiveness and likely driver acceptance. 

Table 1.2 A summary of some of the Drowsiness Detection System that were excluded in 

the study review by TRL Ltd and QinetiQ (Wright et al. , 2007). 

Detection System Reseaon for exclusion. 

Eye-Gaze System Unsuitable due to requiring a head set to 

be worn, so is highly intrusive. 

SafetyScopeTM Unsuitable due to head-mounted optics, 

hence intrusive. 

Engine Driver Vigilance Telemetric Unlikely to work under a range of 

Control System 3rd generation different conditions. 

(EDVTCS) 

MINDS tim Head movements unlikely to be an 

(MicroNod Detection System) effective indicator of early stages of 

drowsiness. Also device has potential 

safety implications 

APRB/ A CARP Device for Monitoring Haul Unsuitable as is secondary task. 

Truck Operator Alertness 
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1.5.2 Practical countermeasures 

1.5.2.1 Naps 

The only way to alleviate the feeling of sleepiness is to sleep. Naps are more effective when 

taken around circadian troughs. Studies have shown that naps of 1-2 hours in duration are 

equivalent to consuming a large cup of coffee (Rogers, Spencer, Stone and Nicholson, 1989; 

Akerstedt and Landstrom, 1998). Furthermore, quick 30-minute naps result in improved 

performances (Rosekind et al. , 1996). The overall consensus is that the most effective 

countermeasure to sleepiness is napping; however, this is not always possible. In a recent 

study, when drivers were asked about measures they used to combat fatigue, taking rest was 

the least popular (Vanlaar et al., 2008). 

1.5.2.2 Rest Breaks 

Breaks have recovery properties similar to those of sleep and can be considered as a form of 

recuperation. A Landstrom study (1988) showed from the EEG pattern of truck drivers that 

fatigued drivers ' becarne more alert after a break from driving, and that a gradual return to 

sleepiness began immediately upon driving. Furthermore, studies have also shown an inverse 

relation between the risk of car crash and the number of breaks taken. 

1.5.2.3 Caffeine 

Caffeine affects the body through blocking the receptors responsible for slowing the 

metabolic activity in the brain (Bumstock, 1972; Daly, Bruns and Snyder, 1981; Fredholm, 

1985). Caffeine is quickly absorbed by the body resulting in an immediate impact on 

vigilance and performance (Bonnet and Arand, 1990), the effect of the caffeine intake 

persists for 5-7 hours as the half life of caffeine in the body is around 250 minutes. 

Significant alerting effects will occur with moderate doses (2-4 mg/kg) (Walsh et al., 1990; 

Muehlbach and Walsh, 1995). For sleep deprivation longer than 24 hours, higher doses (6-9 
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mg/kg) are required which makes it less practical as doses at such levels would cause side 

effects such as jitteriness, trembling and other adverse reactions. 

1.5.2.4 Food Intake 

Food breaks have been shown to have positive effects on the performance of drivers (Hubert, 

1972; Lisper, Laurell and van Loon, 1986). In a study by Hubert (1972), it was demonstrated 

that an increase in the intake of sugar reduced the risk of drowsiness. Furthermore, simple 

sugars have shown to have more positive effects than complex sugars since the simple sugars 

are rapidly absorbed by the body. It should be noted however, that not all the macronutrients 

have the same effect, with fat and proteins believed to have a less alertness-enhancing effect 

(Akerstedt and Landstrom, 1998). Moreover, consumption of 'fatty' food has the adverse 

effect of increasing the risk of sleepiness (Smith and Miles, 1986b ). Ultimately, results for 

the effectiveness of food intake are not conclusive and vary from individual to individual. 

1.5.2.5 Sound 

Sound has both positive and negative effects on the individual depending on the frequency 

and the duration (Wierwille and Ellsworth, 1994). Studies have shown that low frequency 

and monotonous noise can promote fatigue (Landstrom, 1987; Landstrom and Lindblom, 

1988). Alternatively, high frequency noise increases alertness (Nilsson, Moren, Tornros and 

Landstrom, 1988). Findings from such studies suggest that sound could be used to increase 

and maintain alertness. However, there could be some discomfort associated with using high 

frequency, therefore such methods should be restricted and used only temporarily 

(Landstrom, Englund, Nordstrom and Astrom, 1994). 
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1.5.2.6 Temperature 

Alertness levels respond inversely to increasing temperature. As the temperature increases, 

the alertness levels decrease with the optimal comfort level being around 25°C. One study 

tested the effect of temperature changes on alertness (Landstrom, Englund, Nordstrom and 

Astrom, 1995). The test involved having cooling periods of 4-8 min activated by the driver 

on the onset of drowsiness. Subjective alertness was significantly increased. 

1.6 Limitation and problems with existing studies and countermeasures 

The review of factors causing drowsiness, and methods to detect and prevent drowsiness and 

fatigue associated with driving can be summarised as follows: 

• Although there are a large number of different methods for measuring drowsiness and 

fatigue, precise definitions are lacking and the complexity is exacerbated by the 

natural variability between people and even variable circumstances for the same 

person. There is limited information about levels of agreement between different 

measurement methodologies; 

• Available drowsiness and fatigue detection and prevention systems have achieved 

very limited commercial use largely due to inadequate validation and their inability to 

sensibly respond to a broad spectrum of real life scenarios; 

• Invasiveness and potential need for cumbersome calibration procedures remains the 

major obstacle to the application of detection systems based on analysis of 

physiological signals. 

There is a need for vvell-researched drowsiness countermeasures to be proposed via 

controlled studies and robust data analysis, taking various physiological and behavioural 

factors into account. This leads to the aims of the present research. 
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1.7 General Aim 

The general aim of this doctoral research is to investigate driver drowsiness for the purposes 

of developing driver fatigue countermeasure algorithms. 

1.8 Specific Aims 

The specific aims of the project are: 

1. To assess a number of different physiological parameters such as the driver's body 

movements and electroencephalography changes during a driver simulator task 

2. To utilise video observer-rating analysis as a 'gold standard' to validate fatigue states 

3. To use the periods identified as fatigue states (using the gold standards) for 

identifying the EEG changes linked to fatigue 

4. To use the periods identified as fatigue states (using the gold standards) for 

identifying changes in movement and pressure piezofilm sensors attached to the car 

seat and steering wheel (this is a non-invasive drowsiness/fatigue detection 

technology patented (patent number: WO 00/44580) by Compumedics Limited, 

Australia (Burton, 2004), the industry partner on the project). 

5. To propose single parameter or hybrid (based on non-physiological and physiological 

parameters described above) fatigue detection algorithm; according to the most 

accurate identifier of fatigue identified from the analyses performed. 

6. Finally, to assess behavioural and lifestyle correlates to driver drowsiness (validated 

using the video-observer rating) for understanding driver drowsiness further for the 

purposes of providing information for ongoing driver education and road safety 

management. 
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Chapter 2 

Experimental procedures and techniques 

2.1 Introduction 

As mentioned in Chapter 1, there has been a lack of consensus among researchers in the 

definition of the term fatigue, as such there has been a number of different ways to measure 

fatigue, some studies have used physiological indicators such as EEG to determine fatigue, 

some used eye movements, while others relied on subjective questionnaires to assess fatigue . 

For the purposes of the experimental design for this study, multiple indicators of fatigue were 

included without comprising the measurements or prolonging the overall study time. The 

measurements obtained from the participants comprised of various physiological signals such 

as EEG and eye movements, movement sensor signals as well as video information. 

Subjective data were also collected, such as the drivers ' response to lifestyle and 

psychological questionnaires which also provided infonnation of other factors that may 

influence fatigue. This Chapter will describe the experimental methodology, subject 

recruitment and selection process, the set up of the data acquisition and driving simulator 

system and the study protocol. 

2.2 Participants 

Sixty non-professional drivers (44 Males, 16 Females) were selected from a large pool of 

potential participants at Monash University (Melbourne) comprising of staff, students and the 

general public. The recruitment process involved sending an internal email to the Monash 

University staff distribution mail list, seeking participants for a driver drowsiness study 

conducted at the Monash University Accident Research Centre (MUARC). Several criteria 

were used to screen the potential driver participants (explained below). The criteria assisted 

in both minimizing poor results arising from events such as epilepsy episodes and motion 
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sickness, and ensuring quality results were obtained from healthy individuals. The selection 

and exclusion criteria for the study are listed below: 

Selection criteria for drivers: 

• Non-professional drivers 

• Holding current valid and full driver license 

• Aged between 20-60 years 

Exclusion criteria: 

• Individuals with epilepsy 

• Individuals with history of motion sickness 

• Individuals with sleep disorders 

• Individuals with recent surgery, or 

• Any other factors likely to limit compliance such as psychosis, major medical illness, 

etc. (Craig, Hancock and Craig, 1996). 

In addition to the selection criteria, participants were asked to restrict their alcohol 

consumption for 12 hours prior to the experiment, and caffeine (Bonnet and Arand, 1990) and 

food intake 4 hours prior (Hubert, 1972; Stnith and Miles, 1986a), since these could alter the 

physiological signals. They were also asked to have a normal night's sleep as per their usual 

sleep schedule. These are the common procedures followed in most of the driver drowsiness 

research (Akerstedt and Folkard, 1995; Lal and Craig, 2002; Caffier et al., 2003; Boksem, 

Meijman and Lorist, 2005). 

The study had human ethics approval from the administering University (University of 

Technology, Sydney) (HREC approval no: UTS HREC 2004-028A) and from MUARC 

(Monash University) (HREC approval no: HREC 2004/731MC). 

The participants were asked to sign a consent form prior to participating in the experiment 

(see Appendix A). This consent form stated that participants could withdraw at any time 

during the study should they choose to do so, with no questions asked. 
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2.3 Physiological Signals 

A number of physiological signals, namely EEG, EOG and Eyelid movement sensors, were 

collected from the participants. Prior to the collection of signals from the subject, it was 

necessary to minimise erroneous readings of the signals caused by dirt on the collection sites 

(for example, sites such as the skin or scalp). This contamination of the collection site adds 

to the impedance of the signal, which in tum introduces noise in the signal. To minimise 

such 'noise' effects, a preparation procedure was followed prior to the placement of the 

electrodes. The contact surface of the electrode placement site was cleaned with alcohol 

preparation pads (Moore Medical, USA) and harmless abrasive gel (Nuprep, D.O Waver & 

Co, USA) to clear away any dead skin and sweat from the skin prior to electrode placement 

since it could interfere with the quality of the signal obtained. 

For the EEG electrode sites on the scalp, a conductive paste (Ten20 Conductive, D.O. 

Weaver & Co., USA) was used to secure the "gold cup" EEG electrodes (Grass Electrodes, 

Grass Technologies, Astro-Med, Inc., USA) in place (refer to Figure 2.1). For the other 

physiological measuring sites such as electrooculogram (EOG) for eye activity, latex-free 

Silver/Silver Chloride (Ag/AgCl) conductive adhesive electrodes (Kendall-Meditrace, Tyco 

Healthcare, USA) were used (refer to Figure 2.2). 

Figure 2.1: Electroencephalography (EEG) gold-plate cup electrodes (Grass Electrodes, 

Grass Technologies, Astro-Med, Inc. , USA) 
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Figure 2.2: Ag/ AgCl electrodes (Kendall-Meditrace, Tyco Healthcare, USA) 

The following physiological signals were recorded using the Siesta Physiological Monitoring 

system (Compumedics, Australia): 

• 10 Electroencephalography (EEG) signals 

• 2 Electrooculography (EOG) signals 

• 
• 1 Eyelid movement measure (via a piezofilm sensor taped over the right eye). 

2.3.1 EEG Signals 

The EEG signals were derived from 10 sites on the brain and were measured according to the 

10/10 system (Nuwer et al., 1998) which is an extension to the original 10/20 system (Jasper, 

1958; Klem, Luders, Jasper and Elger, 1999) of standard EEG electrode placement (the 10/20 

system is a standard in EEG electrode placement, three head measurements are taken: 

nasion-inion, preauricular points and circumference of the head, the electrode positions then 

placed at 10% or 20% of the interelectrode distance according to the electrode's notation 

(Jasper, 1958)). The EEG signals were collected from five regions on the surface of the scalp: 

• 2 from the frontopolar area (Fp 1 and Fp2) 

• 2 from the temporal area (T7 and T8) 

• 2 from the parietal area (P7 and P8) 
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• 1 from the central area (C4) 

• 1 from the occipital area (02), and 

• 2 reference signals from just below the left and right ears, auricular region (Al and 

A2 respectively). The purpose of the reference electrodes is explained below. 

The scalp locations of these electrodes are depicted in Figure 2.3 . Two types of electrodes 

were used in the collection of the EEG signals: i) gold-plated cup electrodes (for electrode 

placement on the scalp) (Figure 2.1) using conductive paste and ii) snap electrodes used in 

conjunction with Ag/ AgCl electrode pads (for electrode placement on the body such as the 

torso and arms) (Figure 2.2). 
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Key: central area (C4), frontopolar area (Fp1and Fp2), occipital area (02), parietal area (P7 

and P8), temporal area (T7 and T8), reference signals (auricular region: A1 and A2). 

Figure 2.3: The 10/10 electrode placement system. Electrodes shown in black are the ones 

used in the current experiment. Adapted from (Oostenveld and Praamstra, 

2001). 

The frontopolar electrodes (Fp 1 and Fp2) are mainly associated with detecting emotion and 

fatigue effects (Santamaria and Chiappa, 1987; Andreassi, 2000). The frontal lobe processes 
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motor functions and higher order functions such as planning and reasoning (Sanei and 

Chambers, 2007). The temporal area is mostly associated with speech, memory and hearing 

activities of the brain, as well as emotion (Kandel, Schwartz and Jessell, 2000). The parietal 

lobe processes information, visual perception, and somatic sensation (Kandel et al., 2000). 

Rhythmical beta waves are more prominent over the frontal and central lobes (Sanei and 

Chambers, 2007). Delta waves originate from deep within the brain, and are picked up 

mostly by the central lobe (Fisch, 1991 ). The occipital area is associated with vision and 

colour recognition and is also where the alpha signals in the EEG have their greatest 

amplitude (Sanei and Chambers, 2007). The alpha signals that originate in the occipital lobe 

travel to the central and frontal lobes; if the alpha signals are not powerful enough to reach 

the frontal lobe, then the beta signals appear (Fisch, 1991 ). 

The reference signals A 1 and A2 were collected from just below the ears on the ear bone. The 

signals obtained were mostly noise that is present in the body, and they were used to 

minimise the effect of noise. The value from the reference signals was subtracted from the 

other active EEG electrode signals. The odd numbers in the electrode name indicate that the 

electrodes are placed over the left region (left brain hemisphere) of the head, whereas the 

even numbers indicate that the electrodes are positioned over the right region. 
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2.3.2 EOG 

As mentioned in Chapter 1 (section 1.4.1.2), electrooculography (EOG) is used to detect eye 

movements. This measurement is obtained using two surface electrodes. One surface 

electrode is placed above the right eye which is called the ROC (right outer canthus) and the 

other is placed under the left eye, the LOC (left outer canthus). The EOG electrode (Kendall-

Meditrace, Tyco Healthcare, USA) placement is shown in Figure 2.4. 

Figure 2.4: Electrooculography (EOG) electrode placement (Figure adapted from Siesta 

User Guide, 2003) 
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2.3.3 Eyelid movement sensor 

The eyelid movement sensor (REM view disposable eyelid sensors, Respironics, USA) is a 

piezo sensor that was placed over one eye. The sensor picks up movement of the eye under 

the eyelid. The EOG sensors discussed earlier (section 2.3.2) pick up potential differences 

produced by movement of the positively charged retina in relation to the negatively charged 

back of the eye (Butkov and Lee-Chiong, 2007). The eyelid movement sensors are 

transducers that convert the movements into electric signals. Refer to Figure 2.5 . 

Figure 2.5: Placement of eyelid movement sensor (adapted from Respironics (2004)) 
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2.3.4 Movement and Pressure sensors 

The movement sensor data acquisition system consisted of a mixture of 2 different types of 

transducers, namely the piezoelectric film (DT2-052K/L, Measurement Specialties, Inc, 

USA) (Figure 2.6) and the strain gauge (Foil Strain Gauges, RS Components Pty Ltd, 

Australia) (Figure 2.7). 

Figure 2.6: Piezoelectric film sensor (DT2-052K/L, Measurement Specialties, Inc, USA) 

Figure 2.7: Strain gauge (Foil Strain Gauges, RS Components Pty Ltd, Australia) 
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The first type of sensors used were the piezoelectric film sensors, see Figure 2.6. These were 

slightly larger than the strain gauges and were used both in the steering wheel and the back 

and bottom sections of the driver's seat to detect changes due to movement in the area above 

the sensor location. The piezoelectric film sensors were used to detect hand movement and 

position changes over the steering wheel, as opposed to detecting the amount of pressure 

applied to the steering wheel, which was sensed by the strain gauges (explained below). The 

second use of the piezoelectric sensors was in the driver's seat, to detect slight movements of 

the driver on the seat. 

The other type of sensors used was the strain gauges were used to measure the amount of 

pressure exerted by the driver's hand on the steering wheel (Figure 2.7). In total, 8 strain 

gauges were placed around the steering wheel to allow for optimal coverage of hand pressure 

on the circumference of the steering wheel. The strain gauges were mounted on small 

rectangular 15mm x 95 mm plastic pieces (refer to Figure 2.8) before being attached to the 

steering wheel. The change in the bending of the rectangle plastic created a small change in 

the length of the strain gauge, which in tum produced electrical signals that were used to 

determine the amount of pressure being applied to the steering wheel. 

The arrangement of the sensors on the back, seat and steering wheel is shown in Figure 2.8. 

In Figure 2.9 the shows blue foatn covering of the back and seat sensors while the wheel 

sensors remain uncovered. In Figure 2.10 the blue sensor mats were covered by a red and 

black seat cover, while in Figure 2.11 steering wheel covers were used to conceal the steering 

wheel sensors. 
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Simulator Room Control Room 

Piezofilm Sensors 

Strain Gauges 

Key: RF = radio frequency 

}"'igure 2.8: Movement and Pressure Sensors Set-up 
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Figure 2.9: Position of the movement sensors on the seat and the steering wheel 

Figure 2.10: The seat cover used to conceal the seat movement sensors. 
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Figure 2.11: Steering wheel cover used to conceal the steering wheel movement and 

pressure sensors. 

The signals recorded from the steering wheel pressure and movement sensors as well as the 

seat movement sensors were of low voltage. A system of amplifiers had to be designed and 

built in order to boost the signals to an acceptable level (Figure 2.12 and Figure 2.13). 
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Figure 2.12: The enclosure of the amplifier box 

Figure 2.13: The inner circuitry of the amplifier box. 
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2.4 Video Signals 

The third independent drowsiness assessment method used in this experiment was the facial 

video-capture system. The video was used as a validation and reference tool (Wierwille and 

Ellsworth, 1994; Zilberg, Burton, Zheng Ming, Karrar and Lal, 2007) for verifying 

drowsiness in the other signals . In total, four cameras were used during the driving simulator 

study. The video set-up is shown in Figure 2.14. 

('_-\:\1 ~ 
C:\~I 1 

C:\1\I ) 

D 

Key: CAM = Video camera 

Figure 2.14: Video system setup 

Camera 1 (QC3474 B&W CCD Camera, JayCar, Australia) was placed near the projector at 

the rear of the room and it was used to record the driving scenery. Camera 2 (QC3474 B&W 

CCD Camera, JayCar, Australia) was placed inside the car in the rear left section of the car, 

and was focused to record the driver's hand placement on the steering wheel. Cameras 3 and 

4 were used to record the facial expressions of the driver; these latter two cameras were also 

part of the Face LAB system (Seeing Machines, Australia). Each video signal from the 

FaceLAB cameras passed through a video signal amplifier/splitter (1 03YCB, 1 input: 3 
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output, Kramer Electronics, Israel) (Figure 2.15) that produced two identical video signals. 

One of the video signals was fed to the Face LAB system and the other video signal produced 

was fed along with the other video signals into a quad video multiplexer (Grand Magic Guard 

III, GrandTec, Taiwan) refer to Figure 2.16, which displayed all the four video signals on one 

screen. The signal from the multiplexer was then fed to the computer via a USB video 

capture card (USB Videobus capture card, Belkin, USA). Refer to Figure 2.17. The end 

product of the whole process is a 4 image display that is then saved in the computer, a sample 

of image display is shown in Figure 2.18 (with the image of the participant been pix elated for 

privacy reasons) 

Figure 2.15: Kramer Video signal amplifier (Kramer Electronics, Israel) 

Figure 2.16: Grand Magic Guard III (video signal multiplexer) (GrandTec, Taiwan) 
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Figure 2.17: Belkin USB Videobus capture card (Belkin, USA) 

Figure 2.18: Four Images displayed from the Multiplex Video Signal. 
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2.4.1 PERCLOS Data 

As stated earlier, two of the video cameras captured facial data and fed the stereo facial 

images (the left and right images of the subject) into the FaceLAB system. 

Using the stereo image of the participant's face, the FaceLAB system then calculates the 

percentage eye closure values (PERCLOS), and then estimates the drowsiness level of the 

participant. FaceLAB uses a system involving 2 cameras to take an image of the face that 

includes the driver's eyes. During the calibration session for each driver, the sizes of the 

pupil and the iris are measured and the initial eye opening/closure is then calculated. During 

the simulation study a running 3-minute average of the eye closure was then calculated and 

that gave the PERCLOS value. A PERCLOS value that is higher than 0.08 is considered 

drowsy (Dinges and Grace, 1998). 

As well as PERCLOS, the FaceLAB system collects other face related parameters such as: 

• Blink status (true or false) 

• Blink Frequency (rate of blinking per second) 

• Average Blink Duration (length of the blink) 

• Head position (in the x, y, z axis) 

• Head rotation: the angles the head has moved compared to the starting position of: 

• a - angular change in the x-axis, 

• ~ - angular change in the y-axis, 

• y - angular change in the z-axis, 

• Individual Eye Tracking (deviation of each eye from its centre) 

• Gaze Tracking (determines the part of the screen the driver is looking at) 
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2.5 Data Acquisition 

2.5.1 Siesta (Compumedics, Ltd) 

The Siesta Physiological Monitoring System (Compumedics, Australia) was used to collect 

all the signals into a single unit and then transfer the data back to a laptop via radio frequency 

(RF) technology. 

The Siesta system is a multi-functional, ambulatory recording device that is capable of 

recording, monitoring, storing and transferring up to 32 channels of physiological data input. 

It can also support up to 16 external direct current (DC) signal inputs. The collected data is 

sent to the computer via a RF transmitter located in the recording unit to allow easy transfer 

of the data. The Siesta system is made up of 5 components: 

• The Recording Unit: all of the measuring sensors and inputs were attached to this 

unit. The unit also housed the RF transmitter. 

• Power Supply: This unit supplied the power to the recording unit and it also served 

as a battery charger. 

• USB local area network (LAN) Wireless Adaptor: Proxim Harmony OpenAir USB 

LAN (Local Area Network) Adapter (Figure 2.19) uses the OpenAir standard to 

connect to the recording unit and receives the data from it and passes on to the host 

PC via the USB connection. OpenAir is a pre-802.11 protocol (i.e., Pre- WiFi), using 

Frequency Hopping and 0.8 and 1.6 Mb/s bit rate and is a proprietary protocol from 

Proxim (Proxim Wireless Corporation, USA). 
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Figure 2.19: Proxim Harmony OpenAir USB LAN (Proxim Wireless Corporation, USA). 

• Host PC: The host PC in this particular experiment was the Sony V AIO Laptop-

VGN-A17GP (Sony, Japan). The host PC housed a number of Compumedics in-

house related software that is used with the Siesta system to record the data. 

The software included: 

• NetBeacon software (version 2, Compumedics, Australia) 

• PSG (Polysomnography) Online software (version 2, Compumedics, 

Australia) 

• ProFusion PSG software (version 2, Compurnedics, Australia) 

• Compumedics Video software (version 2.5, Compumedics, Australia) 

• USB Video Capture: The video capture card (Figure 2.17) was used to convert the 

video signals from Phase Alternating Line (PAL) (this is the colour encoding system 

that is used to display images on television sets in Australia) to Moving Picture 

Experts Group-4 (MPEG4) video (this is a compression algorithm used to encode 

audio and visual data to be stored digitally). 
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2.5.2 Laptop 

All the recordings of the physiological and movement sensor signals were collected and 

stored on a Sony VAIO Laptop (VGN-A17GP, Sony, Japan) with the following 

specifications: 

• Processor: Intel® Pentium® M 1.60 GHz 

• Hard Disk Driver: 60 GB 

• Video Card: ATI MOBILITY™ RADEON™ 9200, video memory 64MB 

• RAM: 512MB 

• Operating System: Microsoft® Windows® XP Professional (Service Pack 2) 

66 



2.6 Software 

2.6.1 N etBeacon 

NetBeacon (Compumedics, Australia) is a software component that forms part of the Siesta 

(Compumedics, Australia) product. The capabilities provided by the NetBeacon software 

allows the user to identify Siesta, and other Compumedics units on the LAN, view their status 

details and optionally launch the PSG (polysomnography) Online software (version 2, 

Compumedics, Australia). It also allows communication with Siesta devices via a serial port. 

The computer that is used by the N etBeacon software must run using the Windows operating 

system. 

The operation of the Compumedics NetBeacon software is divided into the following 

functions : 

• Display details about Siesta, devices on the local Radio LAN. 

• Provide communication with a Siesta device via an Infrared Data Association (IrDA) 

device attached to the serial port (used in this experiment to configure the input 

signals into the Siesta machine) 

• Launch the PSG Online software on the selected Siesta orE-Series PSG unit. 
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2.6.2 PSG Online 

Polysomnography (PSG) online is a Compumedics proprietary software (version 2, 

Compumedics, Australia) that allows the user to view the data captured by the Siesta unit. 

PSG Online can also be used to configure the different parameters of the Siesta recording 

unit, such as sample rate, peak-to-peak value, high/low pass filters, etc. It provides the user 

with the ability to exercise the diagnostic functions such as impedance testing and calibration. 

Finally, PSG Online was used to record the data onto the host PC. Figure 2.21 shows the 

PSG Online software in a preview mode. It is divided into two trace areas with two different 

trace rates (i .e., top with trace rate of 10 seconds/page and bottom with a rate of 30 

seconds/page) . For the purposes of this experiment, the two trace areas were divided into 

EEG signals, which had a trace rate of 30 seconds/page and piezofilm/strain gauge signals 

(i.e. , movement signals), which had a trace rate of 1 minute/page. 
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Figure 2.21: Polysomnography (PSG) Online (Compumedics, Australia) 
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2.6.3 Profusion PSG 

ProFusion PSG (version 2, Compumedics, Australia) is a software package that allows 

display, review and analyses in addition to providing summaries and prints of data from the 

PSG studies recorded with the Compumedics Systems. Refer to Figure 2.22 . 
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Figure 2.22: Profusion polysomnography (PSG) (Compumedics, Australia) 
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2. 7 Lifestyle and Behavioural (self-report) measures 

Demographic lifestyle and behavioural data were also obtained from participants. Participants 

were administered a set of questionnaires prior to the experiment and this task took 

approximately an hour to complete. A set of post-study questionnaires was also 

administered at the end of the experiment (the individual questionnaires will be discussed 

further in Chapter 6). The following is a list of questionnaires that were administered in the 

study: 

Pre-Study Questionnaires 

• Life style Questionnaire 

The Lifestyle Questionnaire (Craig et al., 1996) is a tool that tries to predict a person's 

tendency to fatigue by posing a number of questions relating to the person's lifestyle, 

such as alcohol consumption, activity levels and eating habits. 

• Profile of Mood States Questionnaire 

There are six clearly defined Profile of Mood States (POMS) factors: Tension-

Anxiety, Depression-Dejection, Anger-Hostility, Vigor-Activity, Fatigue-Inertia and 

Confusion-Bewilderment. Six independent factor analytic studies were conducted in 

the development and validation of the POMS (McNair, Lorr and Droppleman, 1971 ). 

These studies indicated that the six mood factors could be identified, 1neasured 

reliably and replicated in different samples of subjects. A Total Mood Disturbance 

score is obtained from the POMS by summing the scores across all six factors. 

• The State Trait Anxiety Questionnaire 

The Spielberger State-Trait Anxiety questionnaire consists of forms Y -1 (State 

Anxiety) andY -2 (Trait Anxiety) (Spielberger, Gorsuch, Lushene, Vagg and Jacobs, 

1983). The State Anxiety section attempts to measure the short-term anxiety levels 

whereas the Trait Anxiety section attempts to measure long-term anxiety levels. 

71 



• Control Efficacy 

This is an outcome efficacy measure. It provides a measure of the subject's perception 

of the relation between events and behaviour (Craig, Franklin and Andrews, 1984). 

• Fatigue Questionnaire 

This questionnaire measures the mental and physical fatigue states (W essely and 

Powell, 1989). 

• Fatigue Likert Scale 

A Fatigue Likert scale 'question' was administered in this study to assess 'the present 

level of fatigue' before and after the driving simulator task (Lal & Craig, 2002). 

Post-Study Questionnaire 

• The Fatigue Likert scale was re-administered after the study. 

2.8 Design and experimental procedure 

After the initial response to the email sent to recruit participants, a list of possible participants 

was compiled by MUARC. A follow-up call was then made to confirm the study date and to 

provide participants with various instructions. For example, participants were instructed to 

restrict alcohol and caffeine prior to the study and advised to obtain their usual/normal hours 

of sleep. Furthermore, they were provided with directions to the study centre at MUARC 

located at Monash University (Clayton Campus), Melbourne. 

Upon the arrival of the participant on the nominated day, the study procedure was explained 

and an introduction to the facility was provided. After written consent was signed and 

obtained, the participant was guided through a 15-minute familiarization/practice period in 

the driving simulator prior to the experimental driving task. The investigator (author) was 

seated in the passenger seat for the duration of the practice run to provide instructions to the 

participant. The practice run provide a secondary benefit in that it help to identify if the 
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participant was prone to motion sickness (which is a side effect of a simulated drive in some 

individuals). 

Figure 2.23 shows the driving simulator image viewed by the participant seated in the car in 

the simulator room. Figure 2.24 shows the control room from where the investigator 

monitored the study and the equipment. 

Figure 2.23: The simulator room and image viewed by the participants 
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Figure 2.24: The control room from where the investigator monitored the study and 

associated equipment 

After farniliarization and the practice drive session on the driving simulator, the participant 

was guided back to the control room to complete the questionnaires and for the electrodes to 

be attached. Following this, the participant returned to the driving simulator to undertake the 

fatigue instigating driving task. 

The participants performed up to 2.5 hours of driving in the driving sitnulator in the afternoon 

-ideally commencing at 2:30pm (average driving session 108 n1in, average start time 2:46 

pm ± 0:33). In a literature review by Folkard (1997) on road accidents, it was shown that the 

second highest risk of road accidents (due to fatigue) occurred at the time durations of 1:00-

4:00 pm (The highest risk was between the hours of 2:00-4:00 am). Therefore, the ideal start 

time for the simulation drive was 2:30pm in order to study the effects of fatigue. The driving 

scene on the video screen consisted of daytime/nighttime country driving (the driving track is 

presented in Appendix B). Both daytime and nighttime driving scenarios were relatively 

monotonous but mimicked realistic driving and had a repetition period of at least 20 minutes. 

The total driving time for the 60 studies was 113:10:15 (hh:mm:ss), consisting of daytime 
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driving: 58:31:55, and nighttime driving: 54:38:20 (there were no distinction between the 

daytime/nighttime driving in the analysis phase). 

The total time required for the entire experiment was approximately 4-5 hours, consisting of 

2.5 hours of data recording during driving, 45-60 minutes for questionnaire completion and 

45-60 minutes for electrode placement and experiment set-up. 
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Chapter 3 

Initial Determination of statistical associations between observed 
driver drowsiness, body movement and physiological measures 

3.1 Introduction 

The ultimate objectives of this research are the development and performance evaluation of 

signal processing algorithms that would enable the detection of driver drowsiness. From the 

multitude of electro-physiological signals described in the previous chapter, 

electroencephalography (EEG) was identified as a promising physiological correlate of 

drowsiness (as explained in Chapter 1). However, the invasive nature ofEEG acquisition 

motivates a search for less intrusive markers of drowsiness that are preferably easily 

integrated into a vehicle design. Piezofilm movement sensors could be considered as 

candidates for providing such markers . The piezofilm sensors are able to detect movements 

made over their surfaces and can be embedded into the driver's seat and the steering wheel. 

The development of a drowsiness detection algorithm is a complicated task due to many 

factors such as noise and artefact contamination of physiological signals, significant 

variability between subjects and even variability for the same subject at different points in 

time, as well as uncertainty when defining the "gold standard" for drowsiness. Therefore, 

before tackling the final objective, it was decided to first investigate the feasibility of 

detecting drowsiness using the physiological signals as well as their combinations during 

short episodes of transition from an alert to a drowsy state. This approach ensured that the 

initial stage of algorithm development focused on the most critical data sets and data sections. 

If significant associations between the observed level of drowsiness and its physiological 

predictors cannot be established for the episodes of transitions to drowsiness, then the more 

challenging task of developing a drowsiness detecting algorithm for the complete data set 

should not be undertaken. It is important to use the statistical modelling methodology to 

achieve this, due to the presence of a large number of random factors as explained above. 

Prior to presenting a detailed statistical analysis of the episodes of transition to drowsiness, 

this chapter will address the following: 
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• Pre-processing techniques for the physiological signals employed to extract those 

features that are most likely associated with a drowsy states, namely, frequency shifts 

and emergence of alpha patterns in EEG and reduction of magnitude in the movement 

sensor signals. 

• Definition of observer drowsiness scale (Wierwille and Ellsworth, 1994; Zilberg et 

al., 2007) given the data acquisition set-up as described in Chapter 2 section 2.4. 

• Determination of episodes of transition to a drowsy state. 

3.2 Feature extraction 

A number of physiological and movement sensor data collected had to be pre-analysed and 

pre-processed prior to subjecting it to the final statistical analyses. The following signal 

processing techniques were used to expose the signal properties thought to be associated with 

drowsiness. 

3.2.1 Seat Movement Sensors 

The driver seat was fitted with piezofilm movement sensors (detailed in section 0 in Chapter 

2) . These sensors detect any slight body movement exerted on the seat by the driver. The 

hypothesis is that during episodes of drowsiness, the movement of the driver will be more 

reduced than it would be in the alert state. To test this theory; measurements from the driver 

seat were taken. Because of the nature of human body movement, it was decided that in order 

to achieve the best measure of movement, the peak-to-peak values of movement sensors of2-

second intervals with an increment of 1 second had to be averaged. Figure 3.1 illustrates a 

section of the measurements collected from one of the seat movement sensors (back sensor 1) 

at the different processing stages. Figure 3.1 a shows the raw seat movement measurement 

that was collected. Figure 3.1 b shows the absolute value of the raw seat movement 

measurements, and Figure 3.1c is the final product of the seat movement measurements after 

applying a series of filters and averaging the data as mentioned previously. 
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Figure 3.1: The measurements from the seat sensor signals as the driver's body moves over 

the sensors (measures in volts). a) The raw seat sensor data has both posititve 

and negative values. b) The same measurement as a) except that the absolute 

value of the measurements is taken. c) The seat movement signals after being 

processed by averaging the peak -to-peak values of movement sensors of 2-

second intervals with an increment of 1 second. 
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3.2.2 Steering Wheel Sensors 

As mentioned in Chapter 2 (section 0), there are two types of sensors used to detect hand 

movements on the steering wheel, namely the Piezofilm Sensors and strain gauges. There 

were 5 piezofilm sensors and 8 strain gauge sensors (the strain gauge sensors had smaller 

dimensions than the piezofilm sensors). The hypothesis for the steering wheel sensors is that 

during episodes of drowsiness, the hand movements of the driver over the steering wheel 

would be reduced; moreover, the driver' s grip on the steering wheel is expected to decrease. 

Because hand movements are much more frequent than body movements, the average of the 

peak-to-peak values were calculated for 1-second intervals with an increment of 0.5 second. 

Figure 3.2 shows a section in time of the raw steering wheel measurements collected from 

one of the movement sensors located on the steering wheel. Figure 3 .2a shows the raw 

measurements of the driver's hand movement over the steering wheel, while Figure 3.2b 

shows the measurements after undergoing the filter and averaging as mentioned above. 
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Figure 3.2: The signal from one of the steering wheelrnovement sensors (piezoelectric 

sensors) for a given 100 seconds. a) Shows the raw steering wheel movement 

signal before the processing. b) The steering wheel signal after the processing 

stage, where the average of the peak-to-peak values over 1 second periods with 

0.5 second increments were obtained. 

The steering wheel pressure sensors were collected using strain gauges (refer to section 0 in 

Chapter 2). Changes in the strain gauges are less than those recorded by movement sensors. 

The hypothesis is the same as the movement sensors in that as fatigue increases, it is expected 

that the pressure exerted on the sensors will reduce significantly. Measurements from the 

wheel pressure sensors are displayed in Figure 3.3. In the Figure 3.3a, the raw measurements 

from the pressure sensors are presented. Figure 3.3b shows the result after the measurements 

are subjected to a filter process where low frequencies are removed (such as the direct current 

(DC) offset), and finally in Figure 3.3c the averaged measurements are displayed. 
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Figure 3.3: The signal from one of the wheel pressure sensors (strain gauge) for a given 

100 seconds. a) Shows the raw measurements from steering wheel pressure 

sensors; the signal has a DC offset of around 0.4 Volts, which increases the 

values by 0.4 Volts. b) The steering wheel signal after applying a low pass 

filter to the signal which removed the DC offset. c) The signal after the 

processing stage, where the minimum value averaged over 1 second periods 

with 1 second increments were obtained. 
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3.2.3 Eye Movements 

Eye movement as well as eyelid movement were visually detected and assessed from 

electrooculography (EOG), EEG sites (Frontal: Fpl-A2, Fp2-A1) and from the eyelid 

movement sensor data. The eyelid movement sensors (REM view Eyelid Sensors, 

Respironics, USA) were purchased from a different supplier after the experiment was already 

under way and thus it was applied only in the last 20 studies. The scored eye movement 

events were classified according to their morphology (small-fast-irregular, small-fast-

rhythmic, slow eye movement and arousal eye movement) and the parameters (the duration 

of eye closure, rate of eye blinks, and percentage of eyelid closure) of the individual eye 

movement segments were estimated. According to the literature (Santamaria and Chiappa, 

1987), the rate of eye blinks is expected to become less frequent but the duration of eye 

closure is expected to increase during drowsiness. 

3.2.4 Electroencephalography (EEG) 

A number of ditierent types of analyses were applied to the EEG data. Fast Fourier 

Transform (FFT) algorithm (FFT: is an algorithm that transforms a signal from the time 

domain to the frequency domain, dividing the original signal to its frequency components 

(Brigham and Morrow, 1967; Glassman, 1970)) was used to extract the four EEG frequency 

bands. The EEG frequency bands obtained were beta (13.1-30 Hz), alpha (8.1-13 Hz), theta 

(4.1-8 Hz), and delta (0.5-4 Hz), listed in order of decreasing frequency. The signal from A1 

and A2 were used as reference signals which, when subtracted from the other signals, helped 

to reduce noise in the original EEG signal. The signal A 1 is subtracted from all the EEG 

signals derived from sites with even subscripts (occipital (02), central (C4), pre-frontal 

(Fp2), temporal (T8), and parietal (P8) sites), whereas the signal A2 is subtracted from all the 

signals with odd subscripts (Fp 1, T7, and P7). The resulting signals were the following: 

(occipital: 02-A1 , central : C4-A1, frontal: Fp1-A2, Fp2-A1, temporal: T7-A2, T8-A1, 

parietal: P7-A2, P8-A1). Refer to section 2.3.1 in Chapter 2 for a more detailed explanation 

of the EEG sites. 
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Figure 3.4 shows the EEG changes. Figure 3.4a shows a 5-second segment of the raw EEG 

signal from the occipital channel. Figure 3.4b shows the signal was subjected to a high pass 

filter to reduce the effect of noise in the higher frequencies such as the noise introduced by 

the 50 Hz mains power signal. Figure 3 .4c) shows the filtered referenced signal A 1, and 

finally Figure 3 .4d) shows the actual activity that was present at site 02 after the background 

noise was removed by subtracting Al from 02. 
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Figure 3.4: The EEG signal. a) Unfiltered EEG signal from the 02 (occipital) channel, b) 

Signal from the 02 after passing through a high pass filter. c) The reference 

signal AI d) The signal 02 after the reference signal AI was subtracted from it 

(02 minus A I). 

Next, a Fast Fourier Transform was applied to the modified EEG signals to divide the signals 

into the four frequency bands (beta, alpha, theta, and delta). The equation of the FFT that was 

used is shown below in equation 3 .1. 
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Where: 

X(k) = the transformed measurements in the frequency domain 

x(n) = the original measurements in the time domain 

N= the total number of observations 

n = 0 ... N-1, the observation number 

k = 0 .. . N -1 , the frequency observed. 

3.3 Video-based rating of drowsiness as "gold standard" 

3.1 

Two methods of analysis of video data were employed in this study. The first was PERCLOS 

(percentage eye closure) which was calculated using the Face LAB software (Seeing 

Machines, Australia) and the other was an observer rating (both explained below) of video 

data based on a drowsiness observer rating scale developed and modified from the Wierwille 

scale (Wierwille and Ellsworth, 1994). Even though there were 4 video signals collected 

during the simulation (2 facial, 1 driving scenery, and 1 car cabin video signals), the facial 

video signals were the ones of greater importance. Santamaria and Chiappa (1987) wrote 

extensively on the role of eye movement in determining and predicting drowsiness. The 

facial video signals provided a way to examine the driver's facial expression and, more 

importantly, the driver's eye movements. It was then possible to characterise the eye 

movements and eye blinks according to the classification provided by Santamaria and 

Chiappa (1987) (See Chapter 1, section 1.4.1.2). 

3.3.1 PERCLOS 

Percentage of eye closure (PERCLOS) has the advantage of being used in a numerous 

technologies (such as FaceLAB (Seeing Machines, Australia) and Copilot (Driving Research 

Center, USA) (refer to Chapter 1, section 1.5.1.6) and as such it is becotning an accepted 
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method of drowsiness measurement in the field of video analysis. Another advantage of the 

PERCLOS method is that it makes possible the automation of the drowsiness rating process. 

In addition to percentage of eye closure, the FaceLAB software also allowed the collection of 

other drowsiness based parameters such as blink status, blink rate, blink duration, etc. (refer 

to Chapter 2, section 2.2.4.1 ). 

3.3.2 Trained Observer Rating 

As mentioned earlier (section 3.3), a second method used based on video analysis is the 

observer rating. This method, which is based on the Wierwille scale (Wierwille and 

Ellsworth, 1994), has 5 levels of drowsiness, ranging from alert to extremely drowsy (Alert, 

Slightly drowsy, Moderately drowsy, Significantly drowsy, Extremely drowsy; ranked 0-4 

respectively). A range of physical indicators are used to evaluate the drowsiness level of the 

driver. These include eye blinks, eye lid movements, duration of eye closures, patterns of 

facial movement, hand and other body movements, and yawning, etc. Refer to Table 3.1 for 

more infonnation on the driver drowsiness scale modified from (Wierwille and Ellsworth, 

1994). The video data obtained in the study was divided into 1 0-second intervals, after which 

a trained observer reviewed each interval and assigned a drowsiness-level according to the 

guideline listed in Table 3.1. Occasionally, the subject may exhibit characteristics of two 

neighbouring drowsiness levels or episodes and as such it is hard to categorise these into 

either level of drowsiness. For these situations, the level assigned would be halfway between 

the two drowsiness levels (i.e., if the two levels are 1 and 2, then the new level would be 1.5). 
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Table 3.1: 

Drowsiness 
Level 

0 

1 

2 

3 

4 

Observer drowsiness scale based on the video analysis (modified from the 

Wierwille scale) (Wierwille and Ellsworth, 1994) 

Drowsiness Video image indicators State 

Normal fast eye blinks, often reasonably regular; 
Apparent focus on driving with occasional fast 

Alert sideway glances; 
Normal facial tone; 
Occasional head, arm and body movements. 

Increase in duration of eye blinks; 
Possible increase in the rate of eye blinks; 
Increase in duration and frequency of sideway glances; 

Slightly Appearance of "glazed-eye" look; 

drowsy Appearance of abrupt irregular movements - rubbing 
face/eyes, moving restlessly on the seat; 
Abnormally large body movements following drowsiness 
episodes 
Occasional yawning. 

Occasional disruption of eye focus; 
Significant increase in the eye blink duration; 

Moderately Disappearance of eye blink patterns observed during the 

drowsy alert state; 
Reduction on the degree of eye opening; 
Occasional disappearance of facial tone; 
Episodes without any body movements. 

Discernible episodes of almost complete eye closure, 
eyes are never fully open; 

Significantly Significant disruption of eye focus; 
drowsy Periods without any body movements (longer than for 

level 2) and facial tone followed by abrupt large body 
movements. 

Significant increase in duration of the eye closure 
Extremely episodes; 
drowsy Longer durations of episodes with no body movements 

followed by large isolated "correction" movements 
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3.3.3 PERCLOS versus Observer Rating 

After analysing the PERCLOS data (which is the primary source that FaceLAB uses to 

determine the drowsiness level), it was discovered that it was not necessarily an ideal method. 

There were a number of areas where the use of PERCLOS was not feasible for several 

reasons including: 

• PERCLOS considers only a single physiology namely the eye-lid closure to calculate 

drowsiness ignoring in the process a multitude of other observable signs such as body 

movements, yawning, "glazed-look", and various other physical signs. 

• In PERCLOS, drowsiness is the product of a simple 3-minute running average of the 

eyelid parameter which subsequently introduces a delay in the measurements. 

• The FaceLAB software had to be calibrated for each subject prior to the driving 

experiment. 

• Some subjects moved out of the range of the calibrated cameras and hence their facial 

features could not be tracked. 

Initially, the observer ratings were to be used as a validation tool against which the 

PERCLOS results could be evaluated. However, after reviewing the data collected using 

PERCLOS, it was discovered that a large number of the results did not match the observer 

ratings. This is due to a number of contributing factors , some of which were mentioned 

earlier (Chapter 1 section 1.5 .1.6 and Chapter 2 section 2.2.3 .1) such as the 3-minute-running 

average of PERCLOS, and the moving of the subject outside the tracking range of the 

cameras. Other factors are changes in facial expressions, yawning, and hand movements over 

the face such as rubbing of the eyes. 

After reviewing the observer drowsiness scale and closely examining the description of the 

video indicators for each drowsiness level, it was decided that Level 3 was the level that most 

closely denoted significant drowsiness level, whereas in PERCLOS the drowsiness threshold 

is typically set at levels of 8o/o and 12% (Dinges and Grace, 1998) with the higher percentage 

representing a greater level of drowsiness. Figure 3.5 shows two examples, one in which 

PERCLOS "identifies" a drowsy state but the observer rating does not, and the second in 

which the observer rating identifies a drowsy state that PERCLOS does not detect. For 
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subject 1, multiple episodes of PERCLOS values greater than 15% (indicating extreme level 

of drowsiness) are detected at the start of the study (prior to time 1000 second) for which no 

corresponding observer rating is identified (even after re-evaluating the video after detecting 

the discrepancy). For subject 2, the observer rating detected a number of episodes of 

significant and extreme drowsiness and in contrast there are no significant changes in the 

PERCLOS data. A delay in the PERCLOS method of detecting drowsiness when compared 

with the observer ratings is shown in the plots below (see Figure 3.5). Figure 3.5 shows that 

whenever the observer rating dips, the PERC LOS value also dips but after about 10 seconds 

delay. 

For the reasons discussed above, it was decided to adopt the observer ratings as the "gold-

standard" against which all of the other data (such as EEG and seat movement sensors) would 

be compared with regards to drowsiness levels. Furthermore, the observer rating as per 

Wierwille and Ellsworth (1994), states 91.1% accuracy in rating driver drowsiness (when 

measured against mean percentage eye closure) and hence is the method applied in the 

present study to rate drowsiness. 
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Figure 3.5: Examples of observer rating and PERCLOS estimates for two participants 
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3.3.4 Examples of correlation between observer drowsiness rating and physiological 

signal patterns 

Before developing statistical models of the drowsiness algorithm, it was necessary to 

compare the observer rating against the various signals collected. The exploratory analyses 

were conducted for the observer ratings against average peak-to-peak values of the seat 

movement sensors placed at the bottom and back sections of the seats (Figure 3 .6), the 

observer ratings against duration of eye movement (Figure 3. 7), and the observer ratings 

against percentage of EEG power in the different frequency bands (example of the alpha band 

is shown in Figure 3.8). 
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Figure 3.6: Observer ratings versus peak-to-peak values of movement signals on the seat. 

The first column displays the observer ratings versus the 5 movement sensors 

placed on the back section of the seat. The second column displays the observer 

ratings versus the signals from the movement sensors placed on the bottom 

section of the seat. In both columns (but more evident in the movement 

sensors on the back) there is a larger change in the signal from the movement 

sensors towards the end of the study thus corresponding to the drowsiness stage 

as indicated by the observer ratings. 
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In Figures 3.6-3.8, the observer rating has been used to determine the degree of association (if 

any) between the observer ratings and the physiological measurements. Figure 3.6 shows 

that there is an apparent association between the observer ratings and the signal from the 

movement sensors placed at the back and bottom sections of the seat. The association 

between the observer ratings and the movement from the back section was found to be 

stronger than that of the observer ratings and the movement from the bottom section of the 

seat. Figure 3.7 shows a clear association between the observer ratings and eye movement 

duration. Likewise, the EEG alpha band and the observer ratings seemed to be closely 

associated (Figure 3.8). It should be noted that not all participants showed such strong 

associations between these signals. However, the observer rating scale appears to be a good 

starting point for these comparisons. 

3.4 Determination of episodes of transition to drowsiness episodes 

The main objective of a drowsiness detection algorithm is to detect the subtle period during 

which a person transitions from a semi-alert state to a drowsy state that is perceived to be 

dangerous for driving. However, in order to produce an efficient drowsiness detection 

algorithm that would operate efficiently for the duration of the simulator-based driving in the 

lab, it is necessary to first identify which movement and physiological parameters change 

during this transition period and the combination of parameters that would yield the optimum 

drowsiness detection method. Before venturing into the writing of the complex detection 

algorithm, it was first practical to limit the drowsiness detection to a subset period of the 

study, namely, the transition to the drowsy period. The logic behind this approach was that 

further study would not be required if it was not possible to develop an initial algorithm for 

the drowsy episode (which in theory should see significant changes in the drowsiness 

indicators). 

Prior to the actual development of the detection algorithm, it is prudent to determine if it is 

plausible to detect the transition period from a combination of the movement and 

physiological parameters. The first step in the development of the algorithm is to correctly 

identify this transitional level. Using the observer ratings, we chose the drowsiness level 

"significantly drowsy" as our transitional level. The following parameters were used : 

94 



n drowsy = The minimum number of consecutive 1 0-second intervals that defines a 

drowsiness episode. 

DR drowsy = The minimum drowsiness level at which the driver is considered to be 

drowsy. 

k drowsy = The minimum number of 1 0-second intervals where the driver is drowsy 

within a drowsiness episode. 

n ref = The minimum number of 1 0-second intervals that defines a reference 

episode, a reference episode is the episode immediately preceding a 

drowsiness episode. 

k ref = The maximum number of 1 0-second intervals where the driver is drowsy 

DR ref 

n trans 

within a reference episode. 

= The maximum drowsiness level at which the driver is considered alert. 

= The minimum number of 1 0-second intervals in the transition period 

between the reference and the drowsiness periods. 

N step = The maximum number of 1 0-second intervals that a reference episode 

can be extended backwards. 

Using the above parameters, the following conditions were programmed into MatLAB 

(R2007a, Math Works Inc. , USA) to detect all the transition episodes: 

• The episode of dangerous drowsiness lasts at least n drowsy 1 0-second intervals and 

contains at least k drowsy intervals with the drowsiness level of at least DR drowsy ; 

• The preceding reference episode lasts n ref 1 0-second intervals and contains no more 

that k ref intervals with the drowsiness level of more than DR ref; 

• The transition period between reference and drowsiness episodes that lasts no more 

than n 1rans intervals has drowsiness levels below DR drowsy • 

• The average drowsiness level for the drowsiness episode DR drowsy exceeds the 

average drowsiness level for the reference episode DR ref by at least f1 DR ; 

• The reference episode can be extended backwards up to N step times provided the 

shifted reference interval satisfies the above conditions. 
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An example of selected episodes of transition to drowsiness for the parameter values: 

n drowsy = 5 . k drow~:v = 2 . DR drowsy = 3 . n ref = 6 . k ref = 2 . DR ref = 2 · 5 ; = 3 . ' ' ' ' ' n l r ans ' 11 DR = 1 ; 

N s,ep = 5 , is presented in Figure 3.9 with the transition episodes highlighted. 
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Figure 3.9: Example of selection of episodes based on observer ratings for transition to 

drowsiness. The sections in red denote the transition to drowsiness episodes 

Using the above stated criteria, a total of 115 transition episodes were identified in 22 

subjects who showed clear drowsiness episodes and exhibited transition to drowsiness 

episodes. 

3.5 Statistical analysis methodology 

Statistical analysis of the data will determine the degree of the correlation between a number 

of variables, which in tum will identify which parameter will make the greatest contribution 

to determining the level of drowsiness in an individual. 

From the correlation analysis, it will be possible to develop a model on which an algorithm 

will be based to provide the early drowsiness-warning algorithm. Having identified the 
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transition to drowsiness periods, the next step was to feed the variables in these transition 

periods into a statistical model to extract possible patterns. Stata (release 9, StataCorp, USA) 

and SAS (version 9.1, SAS Institute Inc., USA) were the statistical software packages used 

for the statistical analyses. 

The analysis was conducted in two stages: 

1. individual signal analysis 

2. multivariate analysis. 

The first stage was to assess each of the drowsiness parameters individually and to plot their 

changes during the course of the transition periods. Points of particular interest were: 

• Changes in the magnitude of the body movement as n1easured by the movement and 

pressure sensors located on the steering wheel and the driver seat. 

• Changes in the eye blink rate of the driver. 

• Changes in duration of eye movements. 

• Changes in the spectral power (section 1.4.1.1) in the four EEG frequency bands 

(beta, alpha, theta, and delta) and particularly the changes in the alpha band. 

The methods of linear regression with the titne as a variable (a covariate) were used with 

potential correlation between observations being taken into account by means of generalised 

estimating equations (GEE) (Liang and Zeger, 1993) and linear mixed models (Singer, 1998; 

Verbeke and Molenberghs, 2000). In the first stage, GEE was used to determine the average 

change in the variables (body movements, pressure changes, eye blink, alpha percentage, etc) 

during the transition stages of drowsiness (i.e. whether the measured variable increased or 

decreased during the transition period). GEE is very simple to apply and is used mainly in 

instances where the correlation between covariates is not clearly defined. GEE determines 

the average trend of the changes in the data (Liang and Zeger, 1993). The linear mixed 

model, on the other hand, assumes that the observations collected are in fact dependent on 

earlier observations for the same individuals, and thus, the model introduces random-effect 

tetms to account for the randomness in the measurements (Verbeke and Molenberghs, 2000; 

Fox, 2002). 
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After selecting the most influential physiological indicators on the basis of the time course 

analysis, the associations between probability of drowsiness and combined physiological 

indicators were investigated by means of the binary logistic regression models (Dobson, 

2002). In this binary model, the drowsiness level was converted to a binary value to indicate 

either drowsy or alert; drowsiness levels 3 and above (see section 3.3.2) were considered 

drowsy, whereas values lower than 3 were considered alert. 

The correlation between observations was assessed by means of the non-linear random effect 

models (Zeger and Liang, 1992; Hu, Goldberg, Hedeker, Flay and Pentz, 1998) which try to 

quantify the effect of the randomness that is always present when measuring body signals 

from individuals. The main focus of this analysis was to understand the role of non-invasive 

piezofilm movement sensors with respect to the role of EEG alpha band percentage (i.e. the 

measure of alpha band as a percentage of the whole signal for a particular data period). The 

rationale for this focus is the fact that changes in the EEG patterns are considered to be the 

"gold standard" physiological indicator of drowsiness (Santamaria and Chiappa, 1987; 

Artaud et al., 1994; Lal and Craig, 2002). Multivariate regression models were used to 

quantify the accuracy improvements achieved for the hybrid systems (i.e. a combination of 

different indicators) as well as contributions of individual physiological indicators. 

The reasons for using the two-stage analysis- first the individual physiological measures and 

then multivariate logistic regression- are explained as follows: 

Logistic regression with a potentially large number of covariates could be perceived as a 

"black box" particularly from the engineering prospective. It is important to ascertain and 

understand changes in individual groups of signals changing over time when a driver 

approaches the state of drowsiness. After discovering these temporal changes, they should 

also be given plausible physiological explanations: 

• Only those physiological measures with physiologically plausible time courses should 

be included in the logistic regression n1odel that links these covariates with a measure 

of probability of drowsiness . This approach would reduce the number of fitted logistic 

regression models and ensure that any associations discovered with those models will 

have a greater probability of being plausible and reproducible rather than just 'chance' 

statistical links specific for the analysed data set; 
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• Knowledge of the expected time courses of individual measures may assist in the 

selection of the specific transforms of co variates to be included into the logistic 

regression model; 

• Finally knowledge of the expected time courses of individual measures would enable 

the design of the univariate drowsiness detection algorithms based on these measures. 

3.6 Estimation of time courses of physiological indicators during episodes 

of transitions to drowsiness 

3.6.1 Piezofilm seat movement sensors- data description and transformation 

The first set of statistical analyses was performed on the data obtained using the Piezofilm 

sensors located on the seat, which measured the body movement during the driver simulation 

task. 

Since one of the points of interest in this research was any change in the body movements 

during the transition period of drowsiness, a time course trajectory was plotted for every 

transition period for each of the seat sensors. Figure 3.10 shows the time plot of one such 

sensor (sensor number one from the back section of the seat sensors) of the 10 seat sensors. 

Figure 3.10 also shows the changes in body movement just prior to the state of significant 

drowsiness, and as such it was important to assess what happens 30 seconds prior to the state 

of significant drowsiness. The trajectories (observations plotted against time) are reversed in 

time so they always start from the state of significant drowsiness. This begs the question: if 

the end result of all the transition episodes were the same, what does the body movement 

look like prior to the drowsiness period? The sensor's values were then calculated peak-to-

peak over 2 seconds and averaged over 30-second intervals. The values were also normalised 

to the value at the significant state (i.e., at the drowsiness transition point). This was done to 

identify the rate of change in the movement sensor signal. 
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Figure 3.10: Trajectories ofpiezofilm movement sensor signal of the first sensor in the back 

section of the seat for all the subjects. 

Normalization also reduces the variance of the observations due to different scales of 

movement patterns for different subjects or even for the same subject over the duration of the 

experiment. The disadvantage of normalization is that it will remove the random factor 

because the first points will always be one as a result of the normalization; however, the 

effect of this is minimal in the study since it is the difference of other time points with respect 

to the initial point. 

The hypothesis of the association between transition to drowsiness and reduction in the body 

movements can be formulated as the determination of a statistically significant increase in the 

presented trajectories with the number of the 30-second interval prior (back in time) to the 

state of significant drowsiness. This hypothesis can be tested by means of fitting the 

appropriate regression model with the number of the 30-second interval as a covariate and 

assessing the sign (positive or negative) and statistical significance of the respective 

regression coefficient. Figure 3.10 shows that there is a prominent positive tail to the 

trajectories (i.e., all the plots of the body movements have values above 0), which indicates 
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that there is a decrease in the body movement as the subject falls into a state of significant 

drowsiness. When a logarithmic transformation was applied to the normalised values, it was 

seen that the resulting trajectories became more symmetrical in appearance as shown in 

Figure 3.11. The hypothesised pattern of increase with the interval number is evident from 

Figure 3.11; however, only the regression model could estimate the slope and potentially 

establish the significance of this pattern. 
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Figure 3.11: Logarithn1ic representation of the trajectories of piezofilm movement sensor 

signal for a given transition to drowsiness period for all the subjects 

3.6.2 Piezofilm seat movement sensors- correlation between observations 

Different correlations are possible with the seat sensors, and three in particular were 

investigated: 

1. The values of the body movements for a given sensor within the transition to 

drowsiness episode; 
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2. The values of the body movements at the same moment in time for all 10 movement 

sensors located on the seat; and finally, 

3. All the values for the same subject with respect to all the transition to drowsiness 

episodes. 

The dataset was fed into Stata release 9, StataCorp, USA) and SAS (version 9.1, SAS 

Institute Inc., USA) statistical software programs. The first value for each normalised 

episode was excluded; this is due to the fact that being normalised meant that they all have a 

value of one for the first value, which removed the non-random factor in the observations. A 

number of correlation models were used, although when a more complex correlation model 

was tried, the correlation was unable to produce a result. This was due to the large size of the 

dataset obtained from the experiments. 
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Figure 3.12: Scatter plot of nom1alised seat movement sensors across 11 time points 
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Table 3.2: Estimated autocorrelation matrix for normalised movement sensors across the 

same 11 time points (a matrix of autocorrelation coefficient) 

Number Number of 30 seconds interval before transition to drowsiness 

of30 
seconds 2 3 4 5 6 7 8 9 10 11 12 
interval 

2 1.000 
3 0.615 1.000 
4 0.503 0.542 1.000 
5 0.470 0.389 0.528 1.000 
6 0.527 0.542 0.503 0.632 1.000 
7 0.437 0.499 0.51 1 0.521 0.638 1.000 
8 0.312 0.355 0.415 0.317 0.440 0.562 1.000 
9 0.387 0.357 0.498 0.312 0.363 0.604 0.534 1.000 
10 0.462 0.438 0.526 0.374 0.449 0.532 0.376 0.640 1.000 
11 0.409 0.463 0.452 0.462 0.526 0.572 0.374 0.457 0.595 1.000 
12 0.198 0.184 0.293 0.570 0.474 0.493 0.397 0.393 0.317 0.509 1.000 

Figure 3.12 displays the scatter plot of standardised residuals for 11 values of the interval 

number (time points) with the first points being excluded as the normalised observation at 

this point is always equal to unity. Figure 3.12 indicates that correlation is greatest between 

adjacent intervals. This substantial correlation was further observed from data presented in 

Table 3.2. It is also evident from Table 3.2 that there is no clear pattern of reduction in the 

autocorrelation estimates as the distance between the time points increases; therefore, the 

exchangeable autocorrelation model seems to be an adequate correlation structure for the 

regression error term. It was not possible to explore the possibility of an unstructured 

correlation, due to the large size of the dataset as stated earlier. 

The next correlation identified the associations that existed between the 1 0 seat sensor 

readings at the same time points (i.e. time intervals) . As could be observed from the scatter 

plot and the data shown in Figure 3.13 and Table 3.3 respectively, there was substantial 

correlation between the 10 seat sensors signals at a given time point. It was evident that the 

correlation between the sensors for a given time point showed a stronger association than the 

correlation between different time points for a given sensor. In fact, the average 
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autocorrelation value for the time points was 0.41 while the average value of the 

autocorrelations was significantly higher at 0.57. 

Figure 3.13: Scatter plot of normalised seat movement sensors across the 10 seat sensors 

105 



Table 3.3: Estimated autocorrelation matrix for normalised movement sensors across the 

10 seat sensors for the same time points 

Seat Seat number 
number 1 2 3 4 5 6 7 8 9 10 
1 1.000 

2 0.713 1.000 

3 0.667 0.777 1.000 

4 0.657 0.573 0.523 1.000 

5 0.382 0.297 0.262 0.610 1.000 

6 0.610 0.444 0.476 0.639 0.5 19 1.000 

7 0.627 0.559 0.515 0.716 0.538 0.739 1.000 

8 0.631 0.521 0.511 0.684 0.582 0.799 0.778 1.000 

9 0.575 0.482 0.458 0.667 0.523 0.757 0.710 0.790 1.000 

10 0.486 0.460 0.349 0.460 0.361 0.483 0.545 0.536 0.456 1.000 

As was the case with the previous correlation, there was no clear pattern in the reduction in 

the autocorrelation estimates with the increase in distance between the seat sensor numbers . 

So once again, the exchangeable autocorrelation model could be used to model this form of 

correlation as well. 

Another statistic applied assessed the pattern of change over time for the variance and 

correlation between different seat sensors. Next, the estimated standard error was examined 

as a function of time for 30-second intervals. Disregarding the first interval (as a result of 

normalization, the variance for the first interval is zero); the variance was reasonably constant 

with a very gradual increase as is shown in Figure 3.14. The autocorrelation between the 

sensors as a function of30-second interval is shown in Figure 3.15. For random 

observations, the highest correlation was observed for interval 2 and this gradually decreased 

to an asymptotic correlation coefficient value of 0.49. 
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Figure 3.15: Estimated autocorrelation matrix of the normalised seat movement signals 

across the 1 0 seat sensors 
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3.6.3 Piezofilm seat movement sensors- selection of regression models 

Once the various correlations discussed above were established, the next step was to find a 

regression model of the correlation. Simple linear regression models usually have two 

variables: a dependent variable and an independent variable. A line of best fit is then 

approximated by applying the least squares model; the residual of the line of best-fit and the 

actual value is then added to the formula. The general equation for a simple linear regression 

model is: 

3.2 

Modifying equation 3.2, the following is derived for the current study: 

3.3 

Where: 

logarithm of seat sensor observation for the /h trajectory at the time point 

JNT 1 ; 

- regression coefficients to be estimated with the last coefficient /]1 

representing the rate of change with time; 

£ u - random normally distributed measurement error with zero mean and 

appropriate covariance structure depending of the level of correlation 

considered. 

Equation (3.3) could be fitted using the method of generalised estimating equations (GEE) 

(Liang and Zeger, 1993). 

There are two problems with this approach. First, it assumes that the variance of residuals£ u 

is constant with time. Another problem with this approach is that different strengths of 

108 



correlation within trajectories and within time points cannot be modelled unless unstructured 

covariance is used (that was not possible to do in Stata and SAS for the given large size of the 

dataset). The mixed model (Singer, 1998; Verbeke and Molenberghs, 2000) was used to take 

into account the non-random observations at the first interval and subsequent increase in 

variance, as well as to model both levels of correlation with the exchangeable covariance 

structures. 

The random slopes mixed model is applicable for the increasing variance. 

One option for implementation of this approach employs the Ievel-l model (3.4) similar to 

model (3 .3). 

3.4 

with E u modelling correlation within trajectory and level-2 model for the random slope /31; 

modelling correlation between different sensor signals within a given time point is: 

where b1; is another random zero-mean independent normally distributed variable. The 

models (3.4, 3.5) can account for the increase in variance with time as: 

But this model also implies that correlation between different sensors (Pbetween_sensors) 

increases with time as: 

( ) 
Var(b 1i )x (IN~ )2 

Pbetween_ sensors JNTJ = v; (b ) (JNT )2 v; ( ) ar li x 1 + ar £ iJ 

3.5 

3.6 

3.7 
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This property is not supported by the data as displayed in Figure 3.15 where seat movement 

signals are decreasing and not increasing as was estimated by the previous model. 

Another way to build the random slopes mixed model with increasing variance and different 

degrees of correlation within trajectories and within time points (between different sensors) is 

according to the formula: 

3.8 

with ykJ being the logarithm of seat sensor movement measures for the kth time point (the 

same time points for different subjects are numbered differently) with the value INT 
1

, £~. 

modelling correlation within the time point and the level-2 model for the random slope p,·k 

modelling correlation within a trajectory: 

3.9 

where b;k is the random zero-mean independent normally distributed variable. 

The models (3.8 , 3.9) can account for the increase in variance with time as: 

3.10 

Correlation within the time point is determined by the correlation structure of £~1 that is time-

independent. Correlation within trajectory depends on the time values according to the 

formula: 
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This property was not supported by the data as is evident from Table 3.2. Therefore there was 

no obvious choice between models (3.4, 3.5) and (3.8, 3.9) and it should be decided by 

comparing the 'goodness-of-fit' statistics. The appropriate statistic for comparing these 

models would be Residual Log Likelihood (defined as the logarithmic probability of 

observing the regression model residuals given the fitted regression model) (Zeger and Liang, 

1992; Singer, 1998). Fitting both models determined that the models (3.8, 3.9) provided 

better fit than the previous models (3.4, 3.5). 

When the variance does not change with time, a random intercepts mixed model describes the 

data well: 

3.12 

with £ u modelling correlation within trajectory. The level-2 model for the random intercept 

p~·i modelling correlation between different sensor signals within a given time point is: 

3.13 

where b~i is another random zero-mean independent normally distributed variable. 

For the models (3 .12, 3.13) the variance is constant and calculated as: 

3.14 

Correlation within the trajectory is determined by the correlation structure of £ u that is time-

independent. Correlation between sensors within the time points does not depend on time 

values either according to the following formula: 

( ) Var(b~~) 
Pbrw semo1s JNTJ ,JNT, = T/ (b" ) T/ ( ) rar 01 +rar£ 11 

3.15 
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3.6.4 Piezofilm seat movement sensors- regression estimates 

The results of fitting models (3.3)- for correlation within the trajectory only, time point only, 

combination of trajectory and time point, within subject and for the case of independent 

observations, as well as models (3.8, 3.9) and (3.12, 3.13)- are presented in Table 3.4. Both 

the complete dataset and the reduced dataset with excluded non-random observations at the 

first interval were modelled. Results for the reduced dataset are displayed in the brackets of 

every cell (see Table 3.4). The three columns in Table 3.4 present the results for all seat 

sensors as well as for the groups of sensors on the back and bottom sections of the seat 

respectively. The asterisks denote confidence intervals and other statistics calculated based on 

the robust estimates of variances. 

From the displayed values of -2 x RLL (Residual log-likelihood) it follows that for the 

original dataset, the random slopes n1odel (3.8, 3.9) provides the best fit while for the reduced 

dataset with excluded non-random observations, the random intercepts model (3.12, 3.13) 

provides the best fit. These conclusions are consistent for all columns of data in Table 3 .4. 

Table 3.5shows the estimated correlation coefficients for all fitted models. It demonstrates the 

advantages of the mixed models over the GEE approach when the exchangeable correlation 

structure was considered. Another observation from Table 3.5 is the marked reduction in the 

estimated correlation when the correlation coefficient within a subject is n1odelled (the last 

row) . This can be interpreted as confirmation that the correlation between different 'transition 

to drowsiness' episodes was considerably less than within the transitory episodes (i.e., within 

trajectories only) or within titne points between different sensors. 
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Table 3.4: Estimates of time course of the seat movement signals for different correlation 

models (asterisks relate to robust estimates of variance, values in brackets are 

for reduced dataset without non-random observations) 

Correlation model All seat sensors Back of the seat Bottom of the seat 
(10 sensors) (5 sensors) (5 sensors) 

Independent Regression 0.024 [0.021; 0.028] 0.024 [0.0 19; 0.028] 0.025 [0.0 19; 0.030] observations coeff. (0.022 [0.0 18; (0.021 [0.0 16; 0.024 [0.017; 0.030] (linear 0.027]) 0.027]) 
regression) t 13.44 (10.08) 10.06 (7.34) 9.07 (6.99) 

p-value <0.001 (<0.001) < 0.001 (<0.001) < 0.001 (<0.001) 
Within Regression 0.020 [0.016; 0.024] 0.021 [0.015; 0.026] 0.020 [0.14; 0.026] 
trajectory coeff.* (0.017 [0.012; (0.017 [0.011 ; (0.0 17 [0.0 1 0; 
(GEE 0.022]) 0.023]) 0.024]) 
exchangeable) t* 9.81 (7.20) 7.79 (5.63) 6.28 (4.68) 

_]!-value* < 0.001 (< 0.001) < 0.001 (<0.001) < 0.001 (<0.001) 
-2 xRLL 11454.8 (10415.6) 5077.6 (4666.1) 6303.8 (5691.4) 

Within Regression 0.024 [0.0 16; 0.032] 0.024 [0.0 16; 0.031] 0.025[0 .015; 0.034] 
time point coeff.* (0.023 [0.012; (0.021 [0.0 11 ; (0.024 [0.0 11 ; 
(GEE 0.033]) 0.031]) 0.036]) 
exchangeable) t* 5.98 (4.30) 6.02 (4.22) 5.16 (3.82) 

p-value* < 0.001 ( <0.001) < 0.001 (<0.001) < 0.001 (<0.001) 
-2 xRLL 9289.8 (9083.3) 4610.0 (4510.8) 5266.0 (5079.1) 

Between Regression 0.020 [0.012; 0.028] 0.021 [0.013 ; 0.028] 0.020 [0.009; 0.030] 
sensors coeff.* 0.017 [0.007; 0.027] (0.017 [0.008; (0.0 17 [0.004; 
and time 0.026]) 0.029]) 
points t* 4.77 (3.33) 5.33 (3.82) 3.66 (2.62) 
(GEE ~_alue* < 0.001 (0.001} < 0.001 (<0.001) < 0.001 (0.009) 
exchangeable) -2 xRLL ---- 11409.0 (10474.2) 5074.8 ( 4 706.4) 6219.8 (5653.4) 
Between Regression 0.021 [0.012; 0.030] 0.021 [0.011 ; 0.030] 0.019 [0.007; 0.032] 
sensors coeff. (0.019 [0.008; (0.0 18 [0.006; (0.017 [0 .004; 
and time 0.030]) 0.029]) 0.031]) 
points t 4.49 (3.45) 4.22 (3 .11) 3.11 (2.43) 
(mixed model, p-value <0.001 (0.001) <0.001 (0.002) 0.002 (0.015) 
random -2 xRLL 6852.2 (7195.5) 3550.3 (3696.6) 3949.7 (4062.4) slopes) 
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Table 3.4: Continued 

Correlation model All seat sensors Back of the seat Bottom of the seat 
(1 0 sensors) (5 sensors) (5 sensors) 

Between Regression 0.023 [0.0 15; 0.031] 0.022 [0.014; 0.029] 0.022 [0.0 13; 0.031] 
sensors coeff. (0.021 [0.0 11 ; (0.0 18 [0.0 1 0; (0.020 [0.009; 
and time 0.030]) 0.027]) 0.030]) 
points t 5.64 (4.18) 5.94 (4.24) 4.83 (3.59) 
(mixed model, p-value <0.001 (< 0.001) <0.001 (<0.001) <0.001 (<0.001) 
random -2 X RLL 7318.7 (6965.6) 3753.5 (3598.9) 4196.6 (3899.2) intercepts) 
Between all Regression 0.022 [0.019; 0.026] 0.022 [0.0 15; 0.022 [0.008; 
observations coeff. (0.0 19 [0.0 15; 0.029]* 0.036]* 
for (0.019 [0.011 ; (0.020 [0.003; 
subject (GEE 0.024]) 0.027])* 0.037])* 
exchangeable) t 12.60 (9.04) 6.60* ( 4.69)* 3.11 * (2.30)* 

p-value <0.001 (<0.001) <0.001 * (<0.001)* 0.002 *(0.021)* 
-2 xRLL 13045.6 (12216.8) 5932.2 (5608.7) 7033.7 (6538.3) 

Key: coeff = Coefficient, GEE= generalised estimating equations, p-value = significance 

level, RLL= Residual log-likelihood, t = ratio of the regression coefficient to the 

standard error 

It was evident that for all models and for both the full and reduced data.sets, there was a 

pattern of statistically significant increase in seat movement with the interval number at 5o/o 

significance level (p<0.05) that translates into a reduction with time. In other words, as the 

time increased, there was a significant decrease in the seat movement. Taking correlation into 

account, there was an increase in the variance of jJ1 particularly with mixed models that are 

more adequate than GEE. Slight changes in the estimates of jJ1 with different correlation 

models are attributable to missing data. Overall, the estimated variances of jJ1 were smaller 

and the respective significance of associations was greater for the movement sensors at the 

back of the seat cotnpared to the bottom section of the seat. 
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Table 3.5: Estimates of correlation coefficients of the seat movement signals for different 

regression models and correlation assumptions 

Average/model correlation Average/model 

Correlation mode coefficient correlation coefficient 
within trajectory within time point 
(between time points) (between sensors) 

Estimated from 0.41 0.57 observations 
Independent 
observations 0 0 
(linear regression) 
Within trajectory 0.38 0 (GEE exchangeable) 
Within time point 0 0.62 (GEE exchangeable) 
Between sensors and 
time points 0.28 0.28 
(GEE exchangeable) 
Between sensors and 0.003tlt2 
time points 

0.003tlt2 + 0.079 0.62 (tnixed model, 
random slopes) (0.07 to 0.83) 
Between sensors and 
time points 0.38 0.62 (mixed model, 
random intercepts) -- --
Between aU 
observations for subject 0.10 0.10 
(GEE exchangeable) --

Key: GEE = generalised estimating equations, t = time point. 
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Table 3.6 presents the results of fitting model (3.3) for individual sensor signals for the 

different correlation models. Once the individual sensors were considered, there was no need 

to use the mixed models. Therefore only GEE models were used to take the correlation into 

account. It was evident that signals of all sensors showed statistically significant reductions 

over time during transition to drowsiness with the exception of sensor 6, when correlation 

between all observations for the subjects were taken into account. For the correlation within 

trajectory only (that appears to be a better correlation assumption than correlation within 

between all observations for a subject based on the results from Table 3.4), the most 

significant association with transition to drowsiness was evident for sensors 1 and 2 on the 

back of the seat and for sensor 9 on the bottom section of the seat. 
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Table 3.6: Estimates of time course of the seat movement signals for individual sensors 

and different correlation models. 

Independent Correlation within Correlation within 
all trajectories Movement Sensor ID observations trajectory for a subject (GEE (linear regression) (GEE exchangeable) exchangeable) 

Regression 0.024 [0.016; 0.033] 0.021 [0.0 11; 0.032] 0.022 [0.012; 0.032] Movement coeff. 
Sensor 1 t 5.61 4.07 4.37 

p-value <0.001 < 0.001 < 0.001 
Regression 0.028 [0.017; 0.040] 0.025 [0.013; 0.037] 0.024 [0.015; 0.033] 

Movement coeff. 
Sensor 2 t 4.82 4.06 5.21 

p-value < 0.001 < 0.001 < 0.001 
Regression 0.026 [0.0 16; 0.036] 0.023 [0.011; 0.034] 0.024 [0.013; 0.034] 

Movement coeff. 
Sensor 3 t 4 .91 3.96 4.47 

p-value < 0.001 < 0.001 < 0.001 
Regression 0.022 [0.0 12; 0.032] 0.018 [0.009; 0.028] 0.019 [0.007; 0.030] Movement coeff. 

Sensor 4 t 4 .25 3.67 3.20 
p-value < 0.001 < 0.001 0.001 
Regression 0.018 [0.007; 0.029] 0.016 [0.002; 0.030] 0.021 [0.005; 0.037] Movement coeff. 

Sensor 5 t 3.23 2.20 2.61 
p-value 0.001 0.028 <0.009 
Regression 0.014 [0.003 ; 0.025] 0.011 [0.000; 0.022] 0.014 [0.000; 0.028] 

Movement coeff. 
Sensor 6 t 2.62 1.99 1.84 

p-value 0.009 0.046 0.066 
Regression 0.038 [0.022; 0.055] 0.031 [0.0 12; 0.049] 0.034 [0.016; 0.053] 

Movement coeff. 
Sensor 7 t 4.53 3.25 3.67 

p-value <0.001 0.001 <0.001 
Regression 0.021 [0.0 1 0; 0.031] 0.017 [0.005; 0.029] 0.019 [0.005; 0.033] 

Movement coeff. 
Sensor 8 t 3.91 2.83 2.60 

p-value <0.001 0.005 0.009 
Regression 0.035 [0.022; 0.048] 0.029 [0.0 12; 0.045] 0.032 [0.008; 0.057] Movement coeff. 

Sensor 9 t 5.31 3.44 2.59 
p-value <0.001 0.001 0.010 
Regression 0.014 [0.008; 0.021] 0.012 [0.003; 0.021] 0.012 [0.003; 0.020] Movement coeff. 

Sensor 10 t 4.73 2.68 2.72 
p-value <0.001 0.007 0.007 

Key: coeff = Coefficient, p-value = significance level, t =ratio of the regression coefficient 

to the standard error. 
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3.6.5 Electroencephalography (EEG)- data description and transformation 

Electroencephalography is considered as the standard for drowsiness detection (Santamaria 

and Chiappa, 1987; Artaud et al., 1994; Lal and Craig, 2002). As stated in the analysis review 

section 1.4.1.1, during transition to drowsiness there is an increase in the alpha band of the 

EEG signal. Three EEG regions on the brain in particular are sensitive to alpha band 

changes, namely: central, occipital, and to a lesser degree the frontal regions. Therefore, the 

signals used in deriving the statistical models were based on electrodes placed at the 

following sites: C4-A1 (central), 02-A1 (occipital), and Fp2-A1 (frontal), respectively. For 

analysis purposes, the signal conditioning was applied to the EEG signal to extract the 

maximum value of the percentage of alpha activity over a 2-second segment within a 10-

second interval. The maximum alpha value was used because during drowsiness, the alpha 

activity typically occurs in bursts associated with partial or complete eye closure (Santamaria 

and Chiappa, 1987). 

Next, linear regression analysis was performed on the EEG data. Two equations were used to 

evaluate the correlation: (i) a straight linear equation with time interval number as a 

covariate, and (ii) an equation that took the logarithm of the time interval number. The 

logarithm function was applied for a couple of reasons. Firstly, due to the nature of the 

logarithm function, the smaller the value (i.e., the closer the time of the interval to the 

drowsiness transition episode) the more pronounced its impact. Secondly, there were more 

missing data (due to the occasional short transition episodes) away from the state of 

significant drowsiness; however, with the logarithmic transformation, the effect of the 

missing data was significantly reduced. 

After a number of comparisons between the two equations, it was observed that the equation 

that takes the logarithmic transformation of the interval number in order to achieve the best 

fit in the linear regression models was the best match for the assumptions of linear regression 

modelling. The two equations examined were: 

3.16 
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3.17 

The difference between these two equations will be examined below and the effect of 

applying the logarithmic transformation of the interval number providing a better model, will 

be demonstrated. First, the trajectories for the central site (C4) EEG derivation against the 

original interval time will be examined and then against its logarithmic interval time, as 

presented in Figures 3.16 and 3.17 respectively. As shown in Figure 3.16, there is an 

increased activity in the first intervals closer to the drowsiness period than prior to drowsiness 

(which is displayed in the intervals higher than 1 0) . When the logarithm of the intervals was 

taken as shown in Figure 3.17, the activities in the first 10 intervals closer to the drowsiness 

period was stretched which enabled a closer observation of the accelerated increase of the 

alpha percentage. 

0 1 0 2 0 
1 Os interval 

30 4 0 

Figure 3.16: Trajectories of the reversed time course of the central EEG against the 10-

second interval number for all the subjects 
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2 
logarithm of 1 Os interval 

3 4 

Figure 3.17: Trajectories of the reversed time course of the central EEG against the 

logarithm of the 1 0-second interval number for all the subjects 

For the second comparison between the regular time interval number and the logarithmic 

time interval number, the tin1e course predicted by the regression models was plotted, as 

shown in Figure 3 .18. The logarithmic interval regression model best described the result 

that was established fro1n the previous plots, since there was an accelerated increase in the 

alpha waves. 
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Figure 3.18: Predicted trajectories of the reversed time course of central EEG with and 

without logarithmic transfom1ation of 1 0-second interval number for all the 

subjects 

And for the last comparison, when the means of residuals of the two models were plotted, the 

logarithmic model appeared to be closer to zero for most of the intervals as displayed in 

Figure 3.19. 
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Figure 3.19: Means of regression residuals of central with and without transformation of 10-

second interval number for all the subjects 
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3.6.6 EEG- regression estimates 

Having established that the logarithmic equation was one that best fit the data, next a table for 

fitting equation (3 .17) was obtained using some of the regression models that were discussed 

in the previous section. Below is the table of the estimates (Table 3. 7). 

Table 3.7: Estimates of time course of the EEG alpha percentages for different EEG 

derivations and correlation models 

Correlation model EEG derivation 
Central (C4-Al) Occipital (02-Al) Frontal (Fpl-A2) 

Independent Regression -0.024 [ -0.029; - -0.035 [ -0.040; - -0.003 [ -0.006; 0] 
observations coeff. 0.020] 0.030] 

(linear 
t -10.89 -13.66 -1.92 regression) 

p-value <0.001 < 0.001 0.055 

Within same Regression -0.026 [ -0.032; - -0.029 [ -0.037; - -0.004 [ -0.008; 
trajectory coeff. 0.019] 0.021] 0.001] 

(GEE t -7.90 -7.36 -1.67 exchangeable) 
p-value < 0.001 < 0.001 0.095 

Within same Regression -0.021 [-0.027;- -0.022 [ -0.029; - -0.0002 [-0.0006; 
trajectory coeff. 0.015] 0.015] 0.0002] 

(GEE exch.) 
t -6.94 -6.19 -0.72 no log transform 

p-value < 0.001 < 0.001 0.47 

Between all Regression -0.027 [ -0.037;- -0.033 [ -0.046; - -0.004 [ -0.011; 
observations for coeff. 0.017] 0.019] 0.003] 

subject (GEE t -5.24 -4.82 -1.22 exchangeable) p-value <0.001 <0.001 0.222 

Key: C4 = Central EEG measurements, coeff = Coefficient, 

EEG = Electroencephalography, Fp 1 = Frontopolar EEG measurements, 

GEE= generalised estimating equations, 02 = Occipital EEG measurements, 

p-value = significance level, t = ratio of the regression coefficient to the standard 

error. 

Four correlation models were used to estimate the EEG values (as shown in Table 3.7). The 

third model of the correlations was performed for the 'no log transformation' for comparison. 

While all models showed a significant correlation, the logarithmic transformation formula 
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(3 .1 7) showed the strongest correlation in all three signals tested. Furthermore, in all the 

regression models, the signals collected from the frontal EEG site exhibited the weakest and 

the least significant association. It was also the only EEG region tested that was not 

statistically significant. 

On the other hand, the signals from the central EEG site showed the strongest and most 

significant association (except in the case of independent observations, where the occipital 

had a stronger association). And finally, the associations were strongest for the independent 

observations and weakest when correlation between all observations for the subject was taken 

into account. 

The findings are consistent with the literature where the alpha activity originates in the 

occipital regions and it diminishes in strength as it travels towards the frontal region (Fisch, 

1991 ). Moreover, the eye and the eyelid movement artefacts are more prominent in the EEG 

signals from the frontal regions, which cause the already diminished alpha signals to 

contribute even less to the overall EEG signal. One of the explanations for the occipital 

region appearing to have weaker associations when compared to the central region is the 

presence of some alpha in the occipital EEG electrodes prior to the transition to drowsiness 

episodes, and as such, the increase in the alpha percentage would not be as great as that found 

at the central EEG electrodes. 

3.6. 7 Eye movement duration 

It is expected that there will be the increase in the duration of eye movements during 

transition to drowsiness (Caffier et al., 2003). The selected parameters derived from the 

visual analysis of frontal EEG (Fpl-A2 and Fp2-Al) were the average and maximum 

durations of eye movements within a 30-second interval. 

At the exploratory phase of the analysis, it was established that the best match with 

assumptions of linear regression modelling could be achieved with the logarithmic 

transformations of both the observation and the interval number. As a result, the family of 

fitted regression models was: 
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log Yu = /3 0 + /3 1 X log JNT J + E ii 3.18 

The results of fitting (3.18) for different correlation models are presented in Table 3.8. 

Table 3.8: Estimates of time course of the eye movement durations for different 

correlation models 

Measure of eye movement durations 
Correlation model Average over Maximum over 

30 second interval 30 second interval 
Independent Regression -0.154 [-0.184; 0.124] -0.235 [ -0.283; -0.187] observations coeff. 

(linear t -10.03 -9.54 
regression) p-value <0.00 1 < 0.001 

Within same Regression -0.154 [-0.196; -0.112] -0.230 [ -0.290; -0.171] trajectory coeff. 
(GEE t -7.17 -7.58 

exchangeable) p-value < 0.001 < 0.001 
Between all Regression -0.162 [-0.247; -0.076] -0.242 [-0.362; -0.121] observations for coeff. 

(GEE t -3 .69 -3.94 
exchangeable) ~-value <0.001 <0.001 

Key: coeff = Coefficient, GEE= generalised estimating equations, p-value = significance 

level, t =ratio of the regression coefficient to the standard error. 

It is evident that the expected time course -- reduction along the trajectory that translates into 

increase in time - is found for both measures of eye movement duration and all correlation 

models. It also appears that the maximum eye movement duration has a slightly more 

significant association when correlation is taken into account. As in the case of EEG, the 

associations are strongest for the independent observations and weakest when correlation 

between all observations for the subject is taken into account. Most of the following results 

for the eye movement durations will be given for the average rather than maxi1num duration 

of eye movements within the selected time interval. 
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3.6.8 Combined seat movement sensor, eye movement duration and EEG results for 

individual subjects 

The combination of the three data sets from (i) the EEG sensors (iii) eye movement duration 

and (iii) the seat movement sensors, provided a more complete picture of drowsiness effects. 

Thus, fitting regression models of the equations (3.3), (3.8, 3.9), (3.17) and (3.18) for 

individual subjects the results in Table 3.9 was derived. For the seat movement data, the 

GEE model (3.3) applied correlation with combinations of trajectories and time points, while 

the GEE models (3.17) and (3.18) assumed correlation within the trajectory only. This 

enabled a robust estimation of variances. For this round of analysis, only the EEG data that 

was significant was used; that is, the EEG data from the central and the occipital derivations 

were analysed. For the eye movement durations, only the average eye movement durations 

were analysed. The estimates for the GEE method for which robust estirr1ates were not 

possible are marked with asterisks in Table 3.9. Overall, the EEG alpha percentage and eye 

movement durations are better associated with drowsiness than the seat movement magnitude 

based on the number of significant associations. However, in terms of relative number of 

subjects with expected association, the seat signals come behind only the occipital EEG. It is 

evident that for a number of subjects, only some of the indicators of drowsiness demonstrated 

expected associations; therefore, combining these indicators to produce a hybrid measure 

could be beneficial. 
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Table 3.9: Estimates of time courses of different EEG and seat movement signals for individual subjects (statistically significant positive 

associations highlighted, non- robust estimates for the GEE method marked with asterisks) 

Piezofilm seat movement sensors peak to peak EEG maximum alpha percentage over a 2- Eye movement deflection over 2 seconds averaged within 30- second segment within 10-secood interval, average duration over second interval, log scale for the observations, linear scale for the observations, log scale for 30 second interval, log linear scale for time interval (Equations 3.8, 3.9 time interval (Equation 3.17) scale for the - mixed model and 1 - GEE model) 
Subject Correlation between observations, 

Correlation between log scale for time ID sensors and time 
points sensors and time points C4 02 interval 

(random slopes) (GEE exchangeable) (Equation 3.18) 

Expected I~ Expected I~ Expected I~ Expected I~ Expected I~ 
time time time time time 

course course course course course 
1 No 0.56 No 0.69 Yes 2.50 Yes 1.34 Yes 1.17 
2 Yes 0.27 Yes 0.55 Yes 2.45 Yes 4.30 Yes 2.00 
3 Yes 0.58 Yes 0.62 No 0.37 Yes 0.08 No 4.47 
4 Yes 1.23 Yes 1.98 No 0.37 No 0.77 Yes 13.36 
5 Yes 2.81 Yes 2.81 Yes 1.60 Yes 0.85 Yes 3.28 
6 Yes 1.46 Yes 2.47 Yes 6.14 Yes 1.81 Yes 5.17 
7 Yes 2.27 Yes 1.52 Yes 1.54 Yes 3.85 Yes 6.71 
8 Yes 1.60 Yes 2.06 Yes 4.83 Yes 4.40 No 3.08 
9 Yes 3.75 Yes 2.71 Yes 0.32 Yes 0.98 Yes 2.14 
10 No 0.62 No 0.39 Yes 3.40 Yes 2.57 Yes 5.01 
11 No 0.19 Yes 0.30 Yes 6.40 Yes 6.55 Yes 2.89 
12 Yes 

L_ __ 1_._Q~-- - ______ X~s~------ L_ __ )_._§_2_: ____ No* 0.96* Yes* 1.20* Yes* 2.15* 
- - - --------

I 

J 
I 

I 
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Table 3.9: Continued 

Piezofilm seat movement sensors peak to peak EEG maximum alpha percentage over a 2- Eye movement deflection over 2 seconds averaged within 30-
second interval, log scale for the observations, second segment within 10-second interval, average duration over 

linear scale for time interval (Equations 3.8, 3.9 linear scale for the observations, log scale for 30 second interval, log 

- mixed model and 1 - GEE model) time interval (Equation 3.17) scale for the 
Subject Correlation between observations, 
ID sensors and time Correlation between log scale for time 

points sensors and time points C4 02 interval 

(random slopes) (GEE exchangeable) (Equation 3.18) 

Expected [~ Expected [~ Expected [~ Expected [~ Expected [~ time time time time time 
course course course cow-se course 

13 Yes 1.02 Yes 1.08 Yes 4.87 Yes 4.56 Yes 2.88 
14 Yes 0.81 Yes* 1.69* No* 0.17* Yes* 3.58* No* 1.02* 
15 No 0.07 Yes 0.83 Yes 3.19 Yes 1.37 Yes 3.06 
16 Yes 0.60 Yes 0.55 Yes 6.56 Yes 2.55 No 2.77 
17 Yes 0.10 No 2.56 No 6.57 No 1.38 No 0.63 
18 Yes 0.07 Yes* 0.26* No* 0.46* No* 0.30 Yes* 0.17* 
19 Yes 1.79 Yes 2.56 Yes 0.37 Yes 1.85 Yes 4.34 
20 Yes 0.50 Yes 0.25 Yes 3.65 Yes 2.49 Yes 7.14 
21 Yes 0.23 Yes 0.35 Yes 2.45 Yes 3.13 Yes 0.71 
22 Yes 0.52 Yes* 3.13* Yes* 2.11 * Yes* 2.35* Yes* 6.34* 

Key: C4 =central EEG measurements, EEG =Electroencephalography, GEE= generalised estimating equations, 02 =occipital EEG 

measurements, z =ratio of the regression coefficient to the standard error. 
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3.6.9 Steering wheel data 

Based on the same considerations, the regression models were fitted to signals 

recorded from the pressure sensors located on the steering wheel with the outcome 

variables calculated in the same way as for the analysis of seat movements. After 

conducting the exploratory analysis, the regression models were formulated as 

3.19 

The random slopes and random intercepts mixed models were also fitted using 

respective expressions similar to (3.8 , 3.9) and (3.12, 3.13). The results of fitting these 

regression models for different correlation assumptions are presented in Table 3.1 0. 
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Table 3.10: Estimates of time course of the piezofilm movement and strain gauge 

pressure sensors signals in the steering wheel for different correlation 

models 

Piezofilm movement Strain gauge 
Correlation model (7 sensors) pressure 

(8 sensors) 

Independent Regression 0.283 [0.134; 0.432] 0.121 [0.0 18; 0.225] coeff. observations t 3.74 2.29 (linear regression) 
p-value <0.001 0.022 

Within same 
Regression 0.236 [0.003; 0.440] 0.076 [0.014; 0.139] coeff.* 

trajectory t* 2.27 2.39 
(GEE 1!_-value* 0.023 0.017 exchangeable) 

-2 xRLL 30331.3 40317.8 

Within same 
Regression 0.282 [0.139; 0.426] 0.121 [0.019; 0.223] coeff.* 

time point t* 3.87 2.33 
(GEE p-value* <0.001 0.020 exchangeable) 

-2 x RLL 31771.6 42390.3 

Between sensors 
Regression 0.241 [0.030; 0.452] 0.087 [0.005 ; 0.170] coeff.* 

and time points t* 2.24 2.08 (GEE _p-value* 0.025 0.037 exchangeable) 
-2 X RLL 31574.5 42086.1 

Between sensors 
Regression 0.214 [0.002; 0.426] 0.089 [ -0.060; 0.238] 
coeff. 

and time points t 1.96 1.17 (mixed model, p-value 0.050 0.243 random slopes) 
-2 xRLL 29692.4 40341.5 

Between sensors 
Regression 0.242 [0.115; 0.368] 0.086 [ -0.004; 0.176] coeff. and time points t 3.75 1.88 (mixed model, p-value <0.001 0.060 random intercepts) 
-2 xRLL 30330.8 40316.7 

Between all Regression 0.264 [0.020; 0.508] 0.106 [0.010; 0.202] 
observations for coeff.* 
subject t* 2.12 2.15 
(GEE p-value* 0.034 0.031 
exchangeable) -2 xRLL 31706.3 42365.5 

Key: coeff = Coefficient, GEE= generalised estimating equations, 

p-value = significance level, RLL= Residual log-likelihood, t = ratio of the 

regression coefficient to the standard error. 
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It is evident that for the movement sensors, the random slopes mixed model provided 

the best fit followed by the random intercepts mixed model and within trajectory GEE 

models. For the pressure sensors, random intercepts mixed models and within 

trajectory GEE models produced the largest (-2 x RLL) log-likelihood value followed 

by the random slopes mixed models. The steering wheel movement sensors provided 

better fit and more significant associations than did the steering wheel pressure 

sensors. Overall for the steering wheel, the model fit was much worse than for the 

seat sensors judging by the very low values of log-likelihood against the respective 

values for the seat sensors (Table 3.4) even though the total number of sensors and 

respectively the number of observations for the steering wheel were less than for the 

seat. 

The expected pattern of change (increase that translates into reduction when the true 

direction of time is restored) was found for all correlation modes for both the 

movement and pressure sensors. For the movement sensors, the associations were 

significant for all models. For the pressure sensors, the associations estimated with the 

mixed models were not significant but the associations estimated with the GEE 

models were significant. Overall, the steering sensor associations were considerably 

weaker than for the seat moven1ent sensors. 

3.6.1 0 Eyelid versus EEG derived eye movement duration 

Table 3.11 presents results of fitting model (3.18) for 4 subjects (subjects 1, 8, 16 and 

21) that had eyelid movement measurements in addition to EEG and eye movement-

electrooculogram (EOG). It is evident that expected associations are present only for 

the eyelid movement sensor signals but not for the eye movement durations derived 

from the frontal EEG for all correlation models. The reason for the latter observation 

was that subjects 1, 8, 16 and 21 had eyelid movement sensor recordings, with 

subjects 8 and 16 showing significant reductions rather than increase with time of the 

eye movement duration (Table 3.9), while subjects 1 and 21 had no significant 

increases with time. The finding for subjects whose eyelid movement duration was 

significantly increasing with time for two of the correlation models and almost 
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significantly increasing for within subject correlation model is encouraging. Results 

suggest that eyelid movement sensors could potentially estimate more reliable eye 

movetnent duration that would be more significantly associated with drowsiness than 

the eye movement duration derived from the frontal EEG. 

Table 3.11: Estimates of time course of the eye movement durations measured with 

frontal EEG versus eyelid movement sensor for different correlation models 

Correlation model Frontal EEG Eyelid movement 
(Fp1-A2 and Fp2-A1) sensor 

Independent Regression 0.045 [ -0.003 ; 0.093] -0.034 [ -0.061 ; -0.007] 
observations coeff. 
(linear t 1.87 -2.50 
regression) p-value 0.063 0.013 
Within same Regression 0.033 [ -0.008; 0.073] -0.037 [-0.069; -0.006] trans. episode coeff. 
and sensor t 1.59 -2.32 
(GEE 

p-value 0.112 0.020 exchangeable) 
Between all Regression 0.03 7 [0.028; 0.1 03] -0.036 [ -0.074; 0.002] 
observations for coeff. 
subject (GEE t 1. 11 -1.85 
exchangeable) p-value 0.267 0.064 

Key: A 1, A2 = EEG reference signals, coeff = Coefficient, Fp = Frontopolar EEG 

measurements, GEE= generalised estimating equations, p-value = significance 

level, t = ratio of the regression coefficient to the standard error. 
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3.6.11 Conclusions 

So far, the statistical analysis of the time courses has provided some crucial findings, 

which have validated the original hypothesis that there could be some association 

between body movements and drowsiness. The statistically significant associations 

were: 

• A significant reduction occurred in the magnitude of the seat movement sensor 

signals during transition to the state of significant drowsiness. Furthermore, 

the sensors on the back section on the seat provided a more significant 

association than did sensors on the bottom of the seat. 

• During transition to a state of significant drowsiness, there is a pattern of 

increase in the percentage of alpha activity in both the central and occipital 

EEG derivations. Furthermore, the central EEG derivations provided a more 

significant association than did those derived from the occipital EEG site. 

• There is a pattern of increase in the duration of eye movements associated with 

transition to the state of significant drowsiness with eye tnovements scored 

from the frontal EEG. The eye movement duration calculated from the eyelid 

movement sensor signal demonstrating more significant associations than that 

scored from EEG (although this finding is based on a very sn1all subset of 

participants). 

• There is a pattern of reduction in the magnitude of steering wheel surface 

movement and pressure associated with transition to the state of significant 

drowsiness. The movement sensors demonstrated significant associations in 

contrast to the pressure sensors; however, both measures had substantially less 

significant associations with drowsiness than the seat movement. 

Although the presented method of analysis of the time course of seat and steering 

movement and physiological indicators during transition to drowsiness state 
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established the described associations, there are a number of important questions that 

still remain: 

• What is the association between the different drowsiness indicators and the 

probability of a predetermined state of drowsiness? 

• How can different indicators be compared in relation to their association with 

the probability of drowsiness? 

• How can different indicators be combined to increase the strength of 

association with the probability of drowsiness and what is the contribution of 

the individual measures for the increased association? 

Fitting the binary (and potentially nominal/ordinal logistic regression models 

(Dobson, 2002)) can potentially address these issues and will be explored in the next 

section. 
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3. 7 Logistic regression models for the associations between 

drowsiness indicators and probability of drowsiness 

3.7.1 Model description 

The most general approach to define the outcome variable would be to use the same 

set of categories as in the visual scale of drowsiness described under the video ratings 

section (refer to section 3.3.2). However, as a starting point for the analysis covered in 

this report, a binary model was used with the state of drowsiness being defined as the 

drowsiness level of 3 (significant drowsiness) or greater, while the state of alertness is 

defined as any drowsiness level below 3 (Wierwille and Ellsworth, 1994). 

Only the observations recorded during the episodes of transition to drowsiness will be 

used in this analysis. The rationale is that initially there was a need to establish 

associations that were specific for those episodes unaffected by other factors that 

usually result in excessive body movements (for example in the end of drowsiness 

episodes) that could be present during states of prolonged alertness or deeper 

drowsiness . If no statistically significant associations were found for the episodes of 

transition to drowsiness, the expansion of this method to longer time intervals would 

be pointless. 

The observation values for covariates for this analysis were derived in the following 

manner. All episodes of transition to significant drowsiness were divided into non-

overlapping 20-second segments. The selection of 20-second intervals was a trade-off 

between 30-second intervals employed in the previous section to analyse the seat 

movement and eye movement duration and the 1 0-second intervals used for the EEG 

analysis. For every segment, the following values are calculated: 

• The maximum drowsiness rating out of the two 1 0-second intervals that 

comprised the 20-second segment; 

134 



• Seat piezofilm movement sensor data for all 1 0 seat sensors was calculated as 

explained in the section 3.6.1 on the time course analysis but averaged over 

20-second segments; 

• C4 and 02 EEG derivation data with the maximum 2-second alpha band 

percentage calculated over 20-second segments; 

The total number of observations with valid non-zero values of all covariates for 115 

episodes of transition to drowsiness was 1029. 

If correlation between observations was ignored, the binary logistic model for the log 

odds of drowsiness and a combination of N covariates can be fonnulated in a general 

form (Dobson, 2002) as: 

Where: 

~ -binary state of drowsiness for the ith observation; 

COVAR ki -value of the kth covariate for the ith observation; 

3.20 

-regression coefficients to be estimated with the coefficient fJk 

representing the effect of the kth covariate. 

N - Number of observations 

The graphical example of fitting the model (3 .20) for the case of central EEG 

derivation C4 as a single covariate is presented in Figure 3.20. To generate this graph, 

all 1029 observations were divided into one of 100 bins (segments), with each bin 

(segment) being based on the respective nearest integer to the value of the C4 alpha 

percentage. For every bin, the observed proportion of measurements with significant 

drowsiness was calculated. Then the univariate binary logistic regression model was 

fitted and the predicted proportions of drowsiness were generated for every bin. It was 

evident that the binary logistic model was an adequate method for describing the 

associations between increase of the alpha percentage and odds of drowsiness . 
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Figure 3.20: Fitting binary logistic regression model for association between alpha 

band percentage for the central EEG derivation and odds of drowsiness 

The set of co variates in equation (3 .20) was expanded to include the observations of 

respective physiological parameters at the preceding 20-second segments (that will be 

denoted with index 'previous') as well observations referenced to the value in the start 

of a respective transition episode (trajectory) segments (that will be denoted with the 

additional index 'ref'). The observations of covariates at the given 20-second 

segments are denoted by the index 'recent'. Finally, the observations for the 

preceding 20-second segment referenced to the start of the trajectory are denoted with 

the index 'previous _ref'. The preceding segments were included in the regression 

model to investigate the predictive capabilities of different physiological indicators 

while referencing to the start of a trajectory, which was important for the covariates 

that have no physiological interpretation for their absolute values (like seat movement 

magnitude). This notation can be demonstrated with the following formulae for an 

136 

80 



arbitrary covariate x at the time denoted by the index} and the initial 20-second 

interval of a transition episode having index 0. 

X recent = X 1 

X recent _ ref = X 1 - X 0 

X _ pevious = X 1_
1 

X _ previous _ref = X 1_1 - · X 0 

3.21 

3.22 

3.23 

3.24 

Correlation between observations can be taken into account by means of fitting the 

random-effects, non-linear mixed model (Zeger and Liang, 1992; Hu et al., 1998). 

3.25 

Where: 

yij - binary state of drowsiness for the /h observation of the /h 

cluster (e.g. trajectory); 

COVAR kij - value of the kth covariate for the /h observation of the ith 

cluster; 

b i - zero-mean normal error component for the ith cluster. 

For example, the model (3 .25) that has the most C4 alpha percentage for the 20-

second interval identical to the one where the binary state of drowsiness is estimated, 

the eye movement duration from the previous 20-second interval and the references 

signal from the first seat for the current 20-second episode can be expressed in the 

proposed notation as: 
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[ 
Pr{Y.} ] log I) -

1-Pr{Yij} -

Po + bi + P1 x C 4 _recent+ P2 x Eye_ previous+ P1 x Seat!_ recent _ ref = 

Po+ bi + P1 x C4u + P2 x Eyei,J-1 + P1 x (seatlu - Seatl i0 ) 

3.26 

The models were ranked by means of comparing their log-likelihood statistics and 

deviances and the objective was to obtain the parsimonious models (i.e. , models that 

require the least number of variables to obtain a significant result) for the given 

combinations of physiological indicators. The diagnostic capabilities of the fitted 

combinations of co variates were compared by means of estimating the areas under the 

respective ROC (Relative Operating Characteristic) curves. A ROC graph is a way to 

visualize the efficiency of an algorithm by plotting the sensitivity and specificity of 

the algorithm. ROC graphs are commonly used in medical decision making (Fawcett, 

2006). 

The EEG alpha percentage is known to be an important contributor to the EEG-based 

drowsiness rating (Santamaria and Chiappa, 1987; Jung, Makeig, Stensmo and 

Sejnowski, 1997; Lal and Craig, 2002). The diagnostic capabilities of other variables 

and combinations of variables were investigated with the EEG-based measure used as 

a benchmark. 

3.7.2 EEG Models 

Table 3.12 presents the best univariate models (3.20, 3.25) for the central and 

occipital EEG derivations and different correlation assumptions. It was found that the 

most recent EEG observations provided better fit than the observations at the previous 

20-second segment therefore EEG does not have the predictive capability. For the 

occipital derivation, referencing against the value at the start of transition episode 

achieved a better model while this was not the case for the central EEG derivation. It 

was also evident that for the assumption of independent observations the occipital 

EEG site provided the better model. However, once a greater degree of correlation 

was taken into account, the model for the central EEG derivation had a better fit. 

138 



There was an increase in the estimated absolute values and variances of regression 

coefficients when correlation was taken into account. 

The parsimonious models with multiple EEG parameters are presented in Table 3.13. 

For the different correlation assumptions, different combinations of four EEG 

parameters (C4_recent, C4_previous_ref, 02_recent_ref, and 02_previous) were 

found to maximise the log-likelihood of predicting drowsiness. In all cases, the 

estimated values of all regression coefficients were positive as expected. It appears 

that the combinations of central and occipital EEG derivations as well as the addition 

of the observation for the preceding time interval improved the fit of the respective 

regression models. 
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Table 3.12: Univariate binary logistic regression for central and occipital EEG 

derivations as covariates and log odds of drowsiness outcome with 

different correlation assumptions 

Correlation model Central EEG derivation Occipital EEG 
(C4-Al) derivation (02-Al) 
recent recent ref 

Independent Regression 7.45 [6.00; 8.90] 7.16 [5.79; 8.53] 
observations coeff. 

z 10.08 10.23 
p-value <0.001 <0.001 

Log- -438.03 -434.05 
likelihood 

Within same Regression 9.49 [7 .50; 11.48] 8.74 [6.89; 10.60] 
trans. episode coeff. 

(random effects) z 9.34 9.22 
p-value < 0.001 <0.001 

Log- -424.43 -424.35 
likelihood 

Between all Regression 10.98[8.87; 13.09] 7. 59 [ 6. 04; 9.15] 
observations for coeff. 

subject z 10.21 9.56 
(random effects) p-value <0.001 <0.001 

Log- -414.85 -431.30 
likelihood 

Key: Al = reference EEG measurements, C4 =Central EEG measurements, 

coeff =Coefficient, EEG =Electroencephalography, 02 =Occipital EEG 

measurements, p-value = significance level, z =ratio of the regression 

coefficient to the standard error. 

The final log-likelihood of - 399.42, -382.74 and - 370.74 were used as respective 

benchmark values in the course of further analyses involving other physiological 

variables. Finally, the typical ROC for the combination of EEG co variates estimated 

for the random-effects model (3.25) and within-transition correlation is displayed in 

Figure 3.21. 
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Table 3.13: Parsimonious binary logistic regression models for central and occipital EEG derivations as covariates and log odds of drowsiness 

outcome with different correlation assumptions 

Correlation model Covariate 1 Covariate 2 Covariate 3 Covariate 4 
Covariate C4 recent C4 _previous ref 02 recent ref 02 previous 

Independent Re2ression coeff. 3.67 [1.87; 5.47] 1.84 [0.27; 3.38] 3.77 [2.09; 5.45] 3.57 [2.07; 5.07] 
z 4.00 2.34 4.40 4.67 

observations p-value <0.001 0.019 <0.001 <0.001 
Lo2-likelihood -399.72 

Area under ROC curve 0.765 [0.726; 0.804] 
Covariate C4 recent ref I C4 _previous 02 recent ref 02 previous 

Within same Regression coeff. 5.26 [2.72; 7.79] 3.96 [1.39; 6.53] 5.12 [2.69; 7 .55] 5.14 [2.68; 7.60] 

trans. episode z 4.06 3.01 4.13 4.09 
p-value <0.001 0.003 <0.001 <0.001 (random effects) 

Lo2- likelihood -382.74 
Area under ROC curve 0.770 [0.0.731 ; 0.808] 

Covariate C4 recent C4 previous 02 recent ref 02 _previous 
Between all Re2ression coeff. 7.14 [4.67; 9.61] 4.29 [1.72; 6.86] 4.64 [2.71; 6.56] 4.98 [2.88; 7 .08] 

observations for z 5.67 3.27 4.71 4.64 
subject p-value <0.001 0.001 <0.001 <0.001 

(random effects) Log- likelihood -370.34 
I Area under ROC curve 0.756 [0.715; 0.796] - ----- - - ---- ----------------

Key: C4 = Central EEG measurements, coeff = Coefficient, 02 = Occipital EEG measurements, p-value = significance level, z =ratio of the 

regression coefficient to the standard error. 
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Figure 3.21: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with the central and occipital EEG sensor signals as parameters. 

3.7.3 Piezofilm seat movement sensors 

Table 3.14 presents the results of fitting univariate models (3 .20, 3 .25) for the first 

seat sensor only. It was evident that the preceding observation provided better fit for 

all correlation assumptions. This was also the case for other seat sensors; therefore, it 

is evident that the seat movement data have predictive capability unlike the EEG 

derived covariates. This conclusion appears plausible from the physiological 

perspective, as bursts of alpha activity are likely to manifest in a more advanced stage 

of drowsiness than does reduction in movement magnitude as derived from the set 

movement sensors. The increases in absolute values and variances of regression 

coefficients when correlation was taken into account could be attributed to the 

difference in interpretation of models (3 .20) and (3 .25). The log- likelihoods for 

individual seat movement sensors are well below the respective values for the 

univariate EEG models presented in Table 3.12. 
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Table 3.14: Univariate binary logistic regression for a selected seat movement 

sensor as a covariate and log odds of drowsiness outcome with different 

correlation assumptions 

Correlation model peak to peak deflection peak to peak deflection 
over 1 s averaged over 1 s averaged 

within latest 20 seconds within preceding 20 
interval seconds interval 

Independent Regression -59.397 [ -79 .070; - -67.807 [-89.091;-
observations coeff. 39.724] 46.523] 

z -5.92 -6.24 
p-value <0.001 <0.001 

Log- -475.195 -473.225 likelihood 
Within same Regression -66.232 [ -90.640; - -7 5. 041 [ -1 0 1. 144; -
trans. episode coeff. 41.824] 48.939] 

(random 
effects) z -5.32 -5.63 

p-value < 0.001 <0.001 
Log- -470.576 -468.294 likelihood 

Between all Regression -61.027 [ -81.681; - -70.455 [-92.901;-
observations coeff. 40.372] 48.008] 

for 
subject z -5.79 -6.15 

(random _p-value <0.001 <0.001 
effects) Log- -471.019 -468.125 likelihood 

Key: coeff = Coefficient, p-value = significance level, z =ratio of the regression 

coefficient to the standard error. 
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Table 3.15: Multivariate binary logistic regression for different combinations of 

seat movement sensor as covariates and log odds of drowsiness 

outcome with different correlation assumptions 

Correlation model preceding values for Latest and preceding 
all sensors values for all sensors 

(10 parameters) (20 parameters) 

Log- -461.129 -452.026 Independent likelihood 
observations Area under 

ROC curve 0.673 [0.632; 0.713] 0.682 [0.642; 0.721] 

Within same Log- -454.907 -443.599 transition likelihood 
episode Area under -0.668 [0.627; 0.708] 0.677 [0.639; 0.716] (random effects ROC curve 

Between all Log- -454.877 -445.583 observations for Likelihood 
subject Area under 0.671 [0 .630; 0. 712] 0.682 [0.643 ; 0.721] (random effects ROC curve 

Key: ROC= Receiver Operator Characteristic. 

The results of fitting models (3 .8, 3 .9) for combinations of all seat sensor observations 

and the parsimonious combination of these sensors are presented in Table 3.15 and 

Table 3.16, respectively. Even when all seat movement sensor signals were 

combined, the log-likelihood was considerably lower than for EEG. The high level of 

correlation and subsequent redundancy between the seat movement sensors was 

highlighted by the fact that the parsimonious models require only 3 or even 2 (when 

correlation between observation is taken into account) paratneters. The negative signs 

of all regression coefficients in the parsimonious models confirmed the fundamental 

assumption that reduction in the seat movement magnitude is associated with 

transition to drowsiness. 
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Table 3.16: Parsimonious binary logistic regression models for movement sensor as covariates and log odds of drowsiness outcome with 

different correlation assumptions 

Correlation model Covariate 1 Covariate 2 Covariate 3 
Covariate Seatl _previous ref Seatl recent ref SeatS recent ref 

Independent 
Regression coeff. -46.36 [-73.36; -19.37] -27.55 [ -52.66; -2.45] -70.46 [ -120.26; -20.65] 

z -3.37 -2.15 -2.77 observations p-value 0.001 0.031 0.006 
Log- likelihood -466.22 

AUC 0.682 [0.644; 0.720] 
Covariate Seat1 recent ref Seat4 _previous ref 

Regression coeff. -57.12 [-83.55; -30.70] -46.24 [-66.61 ; -25.87] -Within same -4.24 -4.45 transition episode z -

(random effects) p-value <0.001 <0.001 -

Log- likelihood -459.02 
AUC 0.681 [0.643 ; 0. 719] 

Covariate Seatl recent ref Seat4 _previous ref 
Between all Regression coeff. -48.30 [ -69 .80; -26.80] -40.51 [ -58.58; -22.44] -

observations for z I -4.40 -4.39 -
subject p-value <0.001 <0.001 -

(random effects) Log- likelihood -460.48 
AUC 0.681 [0.644; 0.719] 

Key: AUC =Area under ROC curve, coeff =Coefficient, p-value =significance level, ROC= Receiver Operator Characteristic, z =ratio of 

the regression coefficient to the standard error. 
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For the parsimonious models, there was a massive difference of76.76 in the values of 

log-likelihood between the seat movement and EEG based models (for the case 

within-transition episode correlation). Finally, the ROC curve for one of the 

parsimonious models for seat movements is presented in Figure 3 .22. 
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Figure 3.22: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with the seat movement sensor signals as parameters 

3.7.4 Eye movement duration 

Table 3.17 presents the results of fitting univariate models (3.20, 3.25) for the most 

recent and preceding observations of eye movement durations. It is evident that the 

most recent observation provides better fit when correlation is taken into account; 

while for the assumption of independent observations, the preceding observations 

provide a better fit. The log-likelihood is only slightly worse than for the univariate 

EEG models (Table 3.12). 
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Table 3.17: Univariate binary logistic regression for the most recent and preceding 

measures of eye movement durations as covariates and log odds of 

drowsiness outcome with different correlation assumptions 

Most recent average Preceding average 
Correlation model eye movement eye movement 

duration duration 
Regression 3.23 [2.45; 4.01] 3.10 [2.38; 3.82] coeff. Independent z 8.11 10.23 observations p-value <0.001 <0.001 
Log- -446.12 -445.31 likelihood 

Within same Regression 3.77 [2.80; 4.74] 3.32 [2.51; 4.14] coeff. transition 7.64 7.97 episode z 
p-value < 0.001 <0.001 (random 
Log-effects) -440.07 -441.80 likelihood 

Between all Regression 4.11 [3.11; 5.11] 3.45 [2.63; 4.27] 
observations coeff. 
for z 8.05 8.21 
subject p-value <0.001 <0.001 
(random Log- -435 .73 -439.33 effects) likelihood 

Key: coeff =Coefficient, p-va1ue =significance level, z = ratio of the regression 

coefficient to the standard error. 

The parsimonious models for the eye movement duration are presented in Table 3 .18. 

It is evident that fit is substantially better than for the seat movement sensors but 

worse than for EEG (see Table 3.13). The latter finding is partially attributable to the 

fact that EEG model uses two measurements sites -central and occipital. 

Finally, the ROC curve for one of the parsimonious models for eye movement 

duration is presented in Figure 3.23. It is interesting to observe that the area under the 

ROC curve is smaller than the value for the seat movements. This demonstrates the 

fact that better model fit does not always result in an increase in the value of the area 

under the ROC curve. It appears that reduction in the area under the ROC curve is 

caused by the low values of sensitivity at low values of decision threshold or, in other 

words, there were a number of observations when drowsiness was diagnosed without 
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increases in the duration of eye movements. This is confirmed by reviewing Table 3.9 

that shows that 3 subjects (3, 8 and 16) had significant reductions in the eye 

movement duration during transition to drowsiness (and none with the EEG based 

measures). 

Table 3.18: Parsimonious binary logistic regression models for eye movement 

duration data as parameters and log odds of drowsiness outcome 

Correlation model Covariate 1 Covariate 2 
Covariate Eye duration recent Eye duration _previous 
Regression 2.37 [1.53; 3.21] 2.44 [ 1.68; 3.21] coeff. 

Independent z 5.52 6.24 
observations p-value <0.001 <0.001 

Log- -425.28 likelihood 
Area under 0.675 [0.632; 0.718] ROC curve 
Covariate Eye duration recent Eye duration _previous 
Regression 3.18 [2.13; 4.24] 2.96 [2.05; 3.87] 

Within same coeff. 
transition z 5.92 6.35 
episode _£_-value <0.001 <0.001 
(random Log- -415.78 effects) likelihood 

Area under 0.675 [0.630; 0.720] ROC curve 
Covariate Eye duration recent Eye duration_previous 

Between all Regression 3.61 [2.54; 4.68] 3.15 [2.25; 4.06] coeff. 
observations 6.60 6.80 for z 

p-value <0.001 <0.001 subject 
Log-(random -408.13 

effects) likelihood 
Area under 
ROC curve 0.674 [0.630; 0. 719] 

Key: coeff = Coefficient, p-value = significance level, ROC = Receiver Operator 

Characteristic, z =ratio of the regression coefficient to the standard error. 
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Figure 3.23: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with eye 1novement duration data as parameters. 

3.7.5 Combination of eye movement duration and seat movement magnitude 

Table 3.19 presents parsimonious models for the combinations of eye movement 

durations and seat movement magnitudes. The values of log-likelihood are quite close 

to the respective values of EEG-only models in Table 3.13. This could be a sign that a 

combination of eye movement duration and seat movement magnitude could achieve 

similar accuracy in detecting drowsiness as EEG that is considered as the standard 

(Santamaria and Chiappa, 1987; Artaud et al., 1994; Lal and Craig, 2002). 

The ROC curve for one of the parsimonious models for a combination of eye 

movement duration and seat movements' magnitude is presented in Figure 3.24. 
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Figure 3.24: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with eye movement duration and seat movement data as 

parameters. 
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Table 3.19: Parsimonious binary logistic regression models for a combination of 

eye movement duration and movement sensor signals as covariates and 

log odds of drowsiness outcome with different correlation assumptions 

Correlation model Covariate 1 Covariate 2 Covariate 3 Covariate 4 

Covariate Eye_ duration Eye_ duration Seat 1 recent Seat4 _previous 
recent previous ref ref 

2.41 2.50 -36.65 -36.39 
Regression [ -57.56; - [ -52.60;-

Independent coeff. [1.51; 3.30] [1.69; 3.31] 15.74] 20.17] 
observations 5.27 6.05 -3.44 -4.40 z 

p-value <0.001 <0.001 0.001 <0.001 
Log- -403.46 likelihood 
AUC 0.707 [0.663; 0.750] 

Covariate Eye_ duration Eye_ duration Seat 1 recent Seat4 _previous_ 
recent previous ref ref 

3.26 3.03 -50.74 -50.40 
Within same Regression [-79.20;- [-72.43;-
transition coeff. [2.14; 4.38] [2.06; 4.00] 22.29] 28.38] 
episode z 5.72 6.12 -3.50 -4.49 (random 

p-value <0.001 <0.001 <0.001 <0.001 effects) 
Log- -392.81 likelihood -·------
AUC 0.706 [0.663; 0.750] ----
Covariate Eye_ duration Eye_ duration Seat 1 recent Seat4 _previous_ 

recent preVIOUS ref ref 

Between all 3.45 3.06 -40.12 -39.89 
Regression 

observations coeff. [2.36; 4.54] [2.13; 3.99] [ -63.11; - [ -58 .93; -
for 17.13] 20.86] 
subject z 6.21 6.43 -3.42 -4.11 
(random p-value <0.001 <0.001 0.001 <0.001 
effects) Log- -388.01 likelihood 

AUC 0.707 [0.663; 0.750] 

Key: AUC = Area Under the ROC curve, coeff = Coefficient, 

p-value = significance level, ROC= Receiver Operator Characteristic, z =ratio 

of the regression coefficient to the standard error. 
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3.7.6 Combination of EEG and seat movement magnitude 

The parsimonious models for the combination of EEG and seat movement magnitude 

are presented in Table 3.20. It was evident that replacing one of the EEG covariates 

with a seat movement signal significantly increased the log-likelihood. 

The ROC curve for one of the parsimonious models for a combination of EEG and 

seat movement magnitude is presented in Figure 3.25. 

Table 3.20: Parsimonious binary logistic regression models for a combination EEG 

alpha band percentages and movement sensor signals as covariates and 

log odds of drowsiness outcome with different correlation assumptions 

Correlation model Covariate 1 Covariate 2 Covariate 3 Covariate 4 
Covariate C4 recent 02 recent ref 02 _previous Seat 1 _previous ref 
Regression 3.96 4.54 3.71 -71.23 

coeff. [2.12; 5.79] [2.92; 6.16] [2.25; 5.18] [ -96.45 --46.00] 
Independent z 4.23 5.50 -3.44 -4.40 
observations p-value <0.001 <0.001 0.001 <0.001 

Log- -385.69 likelihood 
Area under 0.793 [0.757; 0.829] ROC curve --
Covariate C4 recent 02 recent ref 02 _previous Seat 1 _previous ref 
Regression 6.03 5.50 5.46 -77.96 

Within coeff. [3 .54; 8.52] [3.27; 7.73] [3 .31; 7.62] [-110.91 ; -45.02] 
same -· 

trans. z 4.75 4.83 4.97 -4.64 --
episode p-value <0.001 <0.001 <0.001 <0.001 

(random Log- -374.42 
effects) likelihood 

Area under 0.790 [0.753; 0.827] ROC curve 
Covariate C4 recent 02 recent ref 02 _previous Seat 1 _previous ref 

Between all 
Regression 6.37 4.44 6.23 -71.20 

coeff. [5 .80; I 0.97] [2.48; 6.39] [4.38; 8.08] [ -99.00; -43.41] 
observations 6.37 4.45 6.60 -5 .02 

for z 
p-value <0.001 <0.001 <0.001 <0.001 subject 

Log-(random -361.59 
effects) likelihood 

Area under 
ROC curve 0.784 [0.746; 0.821] 

Key: C4 =Central EEG measurements, coeff = Coefficient, p-value =significance 

level, 02 = Occipital EEG measurements, ROC = Receiver Operator 

Characteristic, z = ratio of the regression coefficient to the standard error. 
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Figure 3.25: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with EEG alpha percentage and seat movement data as 

parameters 

3.7.7 Combination of EEG and eye movement duration 

1 . 0 0 

The parsimonious 1nodels for the combination of EEG and eye movement duration are 

presented in Figure 3.25. It is evident that adding the eye movement data to EEG 

increases the log-likelihood to a larger extent than adding the seat movement signals. 
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Table 3.21: Parsimonious binary logistic regression models for a combination of 

EEG alpha band percentages and eye movement durations as covariates 

and log odds of drowsiness outcome with different correlation 

assumptions 

List of Area under Correlation model significant Log-likelihood ROC Curve co variates 
C4 recent 

Independent 02 recent ref 0.741 [0.697; - -
observations 02 _previous -357.19 

Eye_ duration _recent 0.786] 

Eye duration .Previous 
C4 recent 

C4_previous Within same 
02 recent ref 0.741 [0.696; transition episode - - -343.33 02 _previous 0.786] (random effects) Eye_ duration_ recent 

Eye duration _previous 
C4 recent 

Between all C4_previous 
observations for 02 recent ref -326.85 0.741 [0.696; - -
subject 02 _previous 0.786] 
(random effects) Eye_ duration _recent 

Eye duration_previous 

Key: C4 = Central EEG measurements, 02 = Occipital EEG measurements, 

ROC = Receiver Operator Characteristic. 

The ROC curve for one of the parsimonious models for a combination of EEG and 

eye movement duration is presented in Figure 3.26. 
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Figure 3.26: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with EEG alpha percentage and eye movement duration data as 

parameters 

3.7.8 Combination of EEG, eye movement duration and seat movement 

magnitude 

The parsimonious models for the cotnbination of EEG, eye movement duration and 

seat movement magnitude are presented in Figure 3.26. It is evident that adding the 

seat movement magnitude observations to a combination of EEG and eye movement 

duration further increases the log-likelihood. Finally, the ROC curve for one of these 

parsimonious models is presented in Figure 3.27. 
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Table 3.22: Parsimonious binary logistic regression models for a combination EEG 

alpha band percentages, eye movement durations and seat movement 

signals as covariates and log odds of drowsiness outcome with different 

correlation assumptions 

List of Area under Correlation model significant Log-likelihood ROC Curve co variates 
C4 recent 

02 recent ref - -
Independent 02 _previous 0.765 [0.723; observations Eye_ duration _recent -341.55 0.807] Eye_ duration _previous 

Seat 1 recent ref - -
Seat4 _previous ref 

C4 recent 
02 recent ref 

- -
Within same 02 _previous 0.765 [0.722; transition episode Eye_ duration _recent -332.73 0.807] (random effects) Eye_ duration _previous 

Seat 1 recent ref - -
Seat4 _previous ref 

C4 recent 
C4 _previous 

Between all 02 recent ref - -
0.754 [0.711; observations for 02 _previous -313 .51 subject Eye_ duration_recent 0.798] 

(random effects) Eye_ duration _previous 
Seatl _previous _ref 

SeatS recent ref 

Key: C4 =Central EEG measurements, 02 =Occipital EEG measurements, 

ROC = Receiver Operator Characteristic. 
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Figure 3.27: Receiver Operator Characteristic (ROC) curve for the parsimonious 

model with EEG alpha percentage, eye movement duration and seat 

movement data as parameters 

3.7.9 Statistical analysis summary 

1 . 0 0 

The final parsimonious models for different combinations of physiological indicators 

(EEG, Eye movements) and seat movement sensors are summarised in Table 3.23 

(taking into account the correlation between all observations for a subject). 

The most impo11ant findings of associations between the probability of drowsiness 

and selected movement and physiological indicators of drowsiness over the course of 

episodes for transition to drowsiness were as follows: 

• Statistically significant associations were established for all analysed 

physiological indicators - EEG alpha band power percentage, eye movement 

duration and seat movement magnitude. Directions of all associations were 

physiologically plausible with an increase in the probability of drowsiness 

associated with increases in the EEG alpha band power percentage, eye 

movement duration and reduction in the seat movement magnitude; 

• The "gold standard" EEG alpha percentage demonstrated the most significant 

association with the probability of drowsiness, and the model with the seat 

movement magnitude had the poorest fit. However, the combination of eye 
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movement duration and the seat movement magnitude achieved almost the 

same level of significance as did the EEG alone. The eye movement duration 

and particularly seat movement magnitude were found to have better 

predictive capabilities than did EEG. 

• Adding a non-invasive measure that is seat movement magnitude to any 

parsimonious combination of EEG and eye movement always resulted in 

statistically significant improvements in the associations; 

• The diagnostic accuracy as measured by the area under the ROC curve was 

relatively poor (for an effective practical use of the fitted models) for all 

combinations of analysed parameters, implying the need for more 

sophisticated derivations of the measured signals. This observation was not 

unexpected as the signal processing methods used in the analysis were 

relatively simplistic. The combinations of EEG alpha percentage and seat 

movement magnitude were found to have the largest values for the area under 

the ROC curve. 

Table 3.23: Summary of parsimonious binary logistic regression models for 

different combinations of EEG alpha band percentages, eye moven1ent 

durations and seat movement signals 

Physiological Significant Log-likelihood Area under 
indicators co variates ROC curve 

Seat movement Seat 1 recent ref -460.48 0.681 
- -

magnitude Seat4 _previous _ref [0.644; 0.719] 
C4 recent 

EEG alpha percentage C4 _previous -370.34 0.756 
02 recent ref [0 .715; 0.796] - -
02 _previous 

EEG alpha percentage C4 recent 
+ 02 recent ref -361.59 0.784 

- -
Seat movement 02 _previous [0. 7 46; 0.821] 

magnitude Seatl recent ref - -

Key: C4 = Central EEG measurements, EEG = Electroencephalography, 

02 = Occipital EEG measurements, ROC = Receiver Operator Characteristic. 
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3.8 Discussions and conclusion 

This chapter presented the statistical methodology for analysis of associations 

between the driver drowsiness and accompanying movement and physiological 

indicators, and in the process a number of the specific aims (Aims 1-4) were also 

addressed. These aims were: 

1. Different physiological parameters such as the driver's body movements and 

electroencephalography changes were assessed during a driver simulator task 

2. The video observer-rating analysis was used as the 'gold standard' to validate 

fatigue states 

3. The periods identified as fatigue states (using the gold standards) were utilised 

to identify the EEG changes linked to fatigue 

4. The periods identified as fatigue states (using the gold standards) were used 

for identifying changes in n1ovement and pressure piezofilm sensors attached 

to the car seat and steering wheel. 

It was shown that EEG and the body movement signals were of significant 

importance in predicating fatigue, which were also validated with the results from the 

observer-rating analysis based on video data (Wierwille and Ellsworth, 1994). Eye 

and eyelid movement signals showed protnising associations with drowsiness during 

the preliminary analysis stage, however, due the low number of subjects that had valid 

eye lid movement measurements (of the 20 subjects where eyelid movement 

measurements were obtained, only 5 exhibited sufficient periods of drowsiness 

episodes detectable form the eyelid sensors), further analysis of the eye movement 

data based on this small sample size would not be statistically relevant. Other 

physiological parameters, such as hand movements and grip pressure on the steering 

wheel were also explored but were shown to have little statistical significance in 

predicting drowsiness. The pressure gauges used to measure the grip pressure were 

able to detect strong hand grips but were not sensitive enough to detect slight changes 

in the driver's grip on the steering wheel during the monotonous drive. Similarly, the 

piezoelectric sensors used in the hand movement sensors were insufficient in 

accurately mapping the hand movements over the steering wheel. The piezoelectric 

159 



movement sensor detects movements over its surface, and when there is an array of 

sensors it is possible to detect the movement of an object over a larger area. For 

example, in the case of the body movement scenario, it was possible to detect body 

movements and body weight shifts by comparing measurements from the array of 

body movement sensors located on the seat. However due to the nature of hand 

movements, it was not possible to detect such movements over the array of the hand 

movement sensors. The left and the right hand movements tend to be independent of 

each other, furthermore , no measurement is recorded when a hand is removed from 

the steering wheel. 

The main conclusions that can be derived from this chapter are that the non-invasive 

measures of body movement recorded with piezofilm sensors located inside the car 

seat demonstrated statistically significant associations with drowsiness and also 

improved associations with drowsiness when used in combination with other 

physiological measures, namely, EEG alpha percentage and eye movement duration. 

To achieve the practically acceptable level of accuracy of drowsiness detection, the 

detection system could be improved in a number of ways: 

• Sensitivity and reliability of measurement of body movement magnitude and 

spatial patterns should be improved. There could be potential benefits in 

integrating additional sensors in the steering wheel and even in the seat belt; 

• Sophisticated signal analysis algorithms should be implernented, particularly 

to deal with the noise and signal artefacts; 

• Presented statistical analysis should cover the complete recorded data set and 

not only episodes of transition to significant drowsiness as conducted at this 

stage. It is also important to expand the statistical models from the binary 

model (alert, drowsy) to the case of multiple categories of drowsiness (alert, 

slightly drowsy, moderately drowsy, significantly drowsy, and extremely 

drowsy). 

However, in spite of these deficiencies, the presented statistical analyses were a useful 

starting point that established associations between drowsiness and non-invasive 
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measures (mainly magnitude of the seat movements). Hence, the relative effects of 

various drowsiness detection techniques have been determined and benefits of the 

hybrid application approach demonstrated. With potential improvements in recording 

accuracy and signal analysis sophistication, the described statistical method could be 

used to estimate model fit and diagnostic accuracy for more advanced 

implementations. 
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Chapter 4 

Detection of driver drowsiness based on spectral and 
morphological electroencephalography signal analysis 

4.1 Introduction 

In the previous chapter, the relationships between a video-based measure of driver 

drowsiness and the electroencephalography-BEG signals (as well as other data such as 

seat and steering wheel movement signals) were examined. Statistically significant 

associations were established between the increase in driver drowsiness and the 

spectral composition of the EEG data. However, the EEG data analysed was used 

only to assess particular time intervals where there were transitions to significant 

drowsiness. This chapter will examine the complete data set to determine the 

presence and strength of the associations between drowsiness changes and EEG 

patterns. Furthermore, as there are different methods (Santamaria and Chiappa, 1987; 

Jung et al. , 1997; Cantero and Atienza, 2000; .Lal and Craig, 2002, 2005) for 

analysing EEG data, the alpha burst analysis, which has been reported only as a 

potential indicator in a few studies (Cantero and Atienza, 2000) was examined along 

with the EEG spectral analysis. 

The statistically significant associations between EEG patterns (mainly the occurrence 

of alpha bursts) and drowsiness were used as the basis for the development of a 

prototype algorithm for EEG-based detection of drowsiness. The associations helped 

to identify the optimal EEG analysis technique to be used as markers of drowsiness. 

The EEG-based algorithm was then used as a basis for yet another prototype 

algorithm in combination with piezofilm movement sensors for achieving an 

improved performance. The combined algorithm formed the hybrid system-based 

indicator of drowsiness (which will be discussed further in Chapter 5). 

In this chapter, the alpha burst component of the EEG signals will be examined as a 

potential marker of driver drowsiness (Cantero and Atienza, 2000; Cantero, Atienza 

and Salas, 2002). There are different processing methods for analysing EEG that 
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reflect the non-linear and non-stationary nature of the EEG patterns. In the results 

section of this chapter, the differences between the conventional spectral analysis of 

the EEG (Jung et al., 1997; Lal and Craig, 2002) and the morphological algorithm 

based on the direct identification of the alpha bursts will be illustrated using the 

Receiver Operator Characteristic (ROC) graphs (Fawcett, 2006). 

4.2 Processing Techniques for EEG Signals 

The majority of the research conducted on drowsiness used the Fast Fourier 

Transform method (Jung et al., 1997; Lal and Craig, 2002, 2005) to initially convert 

the EEG signal from the real-time domain to the frequency domain and subsequently 

produce a power spectral distribution (power spectrogram) in the different EEG 

frequencies such as the delta, theta, alpha and beta frequency bands. Changes are 

better detected in the frequency domain, where parameters such as changes in 

frequencies, bandwidth and power in the different frequency ranges can be tabulated 

and meaningful statistics can be derived. In this chapter, the processing was advanced 

by exmnining the changes in the percentage contribution of the different EEG 

frequencies (particularly the alpha frequency) compared to the total power 

distribution. The deficiency of the power spectrum method is that it does not take into 

account the 'bursty' nature of the EEG alpha patterns. 

Alpha burst analysis on the other hand, assesses the EEG signal in the real-time 

domain (as opposed to EEG spectral analysis in the frequency domain) and detects 

instances when a clear sign of the alpha frequency bursts occur. For the majority of 

the drivers in this study, there were clear association between levels of drowsiness (as 

were identified by the video ratings) and instances of alpha bursts in the EEG signals. 

Figure 4.1 shows an example where there was a strong association between the 

observer video ratings of drowsiness and the alpha bursts. From the figure, it is 

evident that when the observer ratings have prolonged periods of drowsiness such as 

the periods between 2000-2750 seconds and 3750- 5500 seconds, a corresponding 

increase in the number of the waves in the alpha burst is seen for the two periods with 

a subsequent drop in the drowsiness ratings. 
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Figure 4.1: Strong association between observer ratings and alpha bursts 

For a small number of individuals in the study, there was significant drowsiness but 

there were only small numbers of alpha bursts, and this may mean that the alpha burst 

marker of drowsiness might not work in some situations. In Figure 4.2, there are a 

number of periods of drowsiness (such as the periods between 2000-2500, 3000-

4300, and 4450 - 4800) that showed either no corresponding increase in the alpha 

bursts, or very little increase. 
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Figure 4.2: Weak association between observer ratings and alpha bursts. There are 

periods of significant drowsiness with little increase in alpha bursts 

And finally, there were some studies which had high alpha burst activity but there 

were no associations with drowsiness as assessed by the observer (see Figure 4.3). 

The individuals in these studies displayed consistently high levels of alpha activity 

throughout the whole experiment and also during the reference period. 
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Figure 4.3: Weak association between observer ratings and alpha bursts, with a 

large number of waves in the alpha bursts but no corresponding high 

levels of drowsiness 

4.2.1 EEG Power Spectral Analysis 

Before analysing the EEG, it was necessary to pre-process the data for subsequent 

use; this is called 'signal conditioning'. The conditioning process (described in 

Chapter 3, section 3.2.4) involved passing 10 channels of the raw EEG data through a 

band-pass filter of 0.3 Hz to 35 Hz. The lower frequency of 0.3 Hz was chosen to 

filter any effect of a DC (direct current) offset on the signal. The higher frequency 

cut-off of 35 Hz was chosen to filter the effects of noise from the surrounding 

environment and from the 50 Hz power supply that powered the Siesta physiological 

monitor (Compumedics, Melbourne) that was used to collect the EEG signals. A 
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power spectral analysis was then conducted on the filtered EEG data with a 1- second 

moving window interval with step value of0.25 seconds to give a 0.75 second of 

overlap. For each channel of data, the EEG power spectrum was divided into four 

classical frequency bands denoted as delta band (0.5-4 Hz), theta band (4-8Hz), alpha 

band (8-13Hz), and beta band (13-35Hz) (Fisch, 1991). The relative frequency band 

power spectrum ratios (RPSR) for every 0.25 step were then calculated. For example, 

the relative frequency band power spectrum ratio of the alpha band RPSRaipha was 

defined as: 

EEGatpha 
RPSRalpha == 

EEGdelta + EEGtheta + EEGalpha + EEGbeta 4.1 

Where: 

EEGdeita = is the delta component of the current 1 second EEG signal; 

EEGtheta = is the theta component of the current 1 second EEG signal; 

EEGaipha = is the alpha component of the current 1 second EEG signal; and 

EEGbeta = is the beta component of the current 1 second EEG signal. 

Following the results from Chapter 3 and as discussed in the Zilberg (2007) 

publication, the alpha band power spectrum appeared to have the strongest association 

with drivers ' drowsiness levels. Therefore, only the EEG alpha activity from 

channels C4 (central site) and 02 (occipital site) were analysed in this study. For 

each 30-second interval, which consisted of 120 RPSR data-points, two alpha band 

power spectrum variables were used for statistical analysis, namely, the averaged 

power spectrum ratio (APSR), and the maximum power spectrum ratio (MPSR). 

APSR and MPSR are defined as follows: 

• Averaged alpha Power Spectrum Ratio (APSR): Averaged Alpha power 

spectrum ratio value over a 30-second interval. 

Lt~~ RPSRalphai 
APSR == lZO 4.2 
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• Maximum alpha Power Spectrum Ratio (MPSR): For 120 RPSR data-points 

over the 30-second interval, an average power spectrum array (APSArray) was 

calculated using six consecutive RPSR data-points. The maximum Alpha 

power spectrum ratio (MPSR) was the maximum value from the APSArray. 

The first 15 minutes of driving for each experiment was the reference duration 

defined as the Segmentreference· During this reference period, the EEG signal collected 

was used as the baseline signal for the data collected from each subject. The average 

alpha power spectrum ratio over the first 15 minutes was calculated to produce 

APSRref, and the APSRadjusted and MPSRadjusted were then derived by subtracting the 

alpha values in the reference duration from the APSR and MPSR values. 

APSRactJust == APSR- APSRref 4.3 

MPSRactJust == MPSR- APSRref 4.4 

4.2.2 Alpha burst Analysis 

Alpha burst refers to the phenomenon that is seen in an EEG signal that usually 

occurs when people are drowsy or when they close their eyes (Santamaria and 

Chiappa, 1987). A burst pattern appears in an otherwise slow EEG signal (Figure 

4.4); the signals are rnore prominent in the occipital region where most of the alpha 

signals originate. 

In this research, MatLAB based software was developed to automatically detect 

drivers' drowsiness states. The algorithm first detected alpha bursts from raw EEG 

data and then classified the driver's drowsiness state based on the output of the alpha 

burst detection. 
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4.2.2.1 Characterization of Alpha Burst 

Figure 4.4 shows an example of a 10-second EEG recorded from a participant, and 

two episodes of alpha bursts occurring between 923.9 seconds and 924.6 second, and 

between 924.8 seconds and 925.3 seconds. A number of parameters are proposed to 

characterise an alpha burst, which were defined as follows: 

• Interval between two consecutive peaks, burst_peaks_maxlnterval and 

burst_peaks_minlnterval (shown in Figure 4.4b as maxlnt and minlnt 

respectively). 

• Peak to peak value between two consecutive peaks, burst _peaks _amplitude 

(shown in Figure 4.4b as Amplitude). 

• Nutnber of waveforms from the burst, burst_waves_count. Figure 4.4 shows 

the burst_waves_count of burst 1 and 2 are 7 and 6 waves respectively. 

• Slope smoothing measurement, burst_smoothing_coefficient. For each pair of 

maximutn and minimum peaks, the maximum error of the first -order linear 

approximation for raw EEG data between the test maximum and minimum 

peaks pair, peaks_ max_ error, was estimated, and the ratio peaks _ratio_ error 

was then defined as 

peaks_ max_ e rror 
peaks ratio error = - - burst _peaks_ amplitude 

The smoothing coefficient, burst_smoothing_coefficient, was then calculated as: 

4.5 

burst_smoothing_coefficient = 1- peaks_ratio_error 4.6 

• Relative burst amplitude, relative_ burst _peaks_amplitude. The 

relative_ burst _peaks_ amplitude was a measure of the averaged peak-to-peak 

values between the alpha burst duration and pre-burst duration. The pre-burst 

duration is defined as the 2 seconds preceding the start of the alpha burst. 
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• Interval similarity measurement included the interval duration variance, 

burst_ waves_ duration_ variance, and the amplitude variance, 

burst _peaks_ amp! itude _variance. The burst_ waves_ duration_ variance was 

the standard deviation derived from all durations between any two consecutive 

maximum (or minimum) peaks, and burst_peaks_amplitude_variance was the 

standard deviation derived from the values of any pair of maximum and 

minimum peaks. 

4.2.2.2 Criteria of an alpha burst 

Five conditions were proposed in this study to detect an alpha burst: 

1. Each burst _peaks_ maxlnterval and burst _peaks_ minlnterval value must be 

within the range of the alpha frequency band, i.e. , the intervals must be longer 

than 1113th of a second (13Hz) and shorter than 118th of a second (8Hz), 

2. Each burst_peaks_amplitude value should be greater than 15 ~V, 

3. The number of waveforms from the test burst, burst_ waves_ count, must not 

be less than 3, 

4. The variance of the internal duration, burst_ waves duration variance, should 

be less than half of the smallest value of the difference between the intervals 

and the alpha band boundaries (l/13th and l /8th of a second), therefore the 

equation can be written as burst _peaks _interval_ difference/2, where 

burst _peaks _interval_difference = 
min( burst _peaks_ maxlnterval - 1 I 13, 1/8 -

burst _peaks_ maxlnterval, 

burst_peaks_minlnterval - 1113, 118-

burst _peaks_ minlnterval) 

4.7 

5. The variance of the internal amplitude, burst_peaks_amplitude_variance, must 

be less than mean_ burst _peaks _amplitude/2, where 
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mean_burst_peaks_amplitude is the average value of the peak-to-peak value 

from any pair of maximum and minimum peaks within the test alpha burst. 

The output of the alpha burst detection included the start and end times of individual 

bursts, as well as output parameters such as: 

• burst waves count 

• mean_burst_peaks_amplitude 

• relative_ burst__yeaks _amplitude 

• burst _peaks_ amplitude_ variance 

• burst_smoothing_coefficient, and 

• burst waves duration variance 

These parameters were used in the statistical analysis and in the algorithm for 

automatic detection of the drowsiness state. 

4e3 Statistical Analysis of associations between video based 

drowsiness ratings and EEG based measures of drowsiness 

The preliminary exploratory statistical analysis presented in Chapter 3 assisted in 

reducing the vast scope of analysis, by taking samples of the transition data and 

applying a variety of statistical models to determine which of the large number of 

signals had the most potential of being classified as drowsiness indicators. By 

selecting the initial potential drowsiness indicators and eliminating the physiological 

signals that had the least association with drowsiness, it was possible to simplify the 

statistical models that would be used on the whole range of data. 

4.3.1 Statistical model 

A linear regression model (equation 4.8) was employed in this study to examine the 

predicted drivers' drowsiness from different variables, which were generated from 
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spectral EEG analysis or from the proposed EEG alpha burst algorithm. Stata 

statistical software (StataCorp. 2005 , release 9) was used for fitting this regression 

model. The linear regression model could be defined as: 

N 

Y,. = '{3·X· · + f· l L 1 lj l 4.8 

Where: 

N 

j=l 

the drowsiness level for the observation i (both average 

drowsiness and 1naximum drowsiness were calculated); 

- the total number of observations; 

- the value of /h EEG based predictor (out of N) for the observation 

i" ' 
j3

1 
-estimated regression coefficient for the /h EEG based predictor 

(out of N); 

E i - normally distributed error for the observation i. 

The interval used in the regression model was 30 seconds without overlapping. For 

each 30-second test interval, two values were derived from the observer drowsiness 

ratings, the average drowsiness and the maximum drowsiness scales which were later 

used as the target drowsiness scales. The important estimated outcomes of fitting 

model 4.8 are: 

• Estimated regression coefficients /3j . If they have the expected sign (a positive 

sign indicating a direct relation to drowsiness, where an increase in the alpha 

activity will result in an increase in drowsiness) and are statistically significant 

(p-value < 0.05), then the hypothesized statistical association is said to be 

established. 

• F-ratio is a ratio of mean square variability attributable to the EEG based 

predictor(s) to the mean square model error. A large value ofF-ratio beyond 

the plausible threshold according the respective x2 distribution enables the 
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rejection of the null hypothesis of there being no association between the 

analysed combination of the EEG based predictors of drowsiness level 

• R2 can be interpreted as a proportion of the total variability of the outcome 

(that is the drowsiness level) that is attributable to the predictors. 

In the spectral EEG analysis method, the following variables were used as the input(s) 

of the model: 

• Averaged alpha power spectrum ratio (APSR) from EEG channels C4 and 02 

• Maximum alpha power spectrum ratio (MPSR) from EEG channel C4 and 02 

In the EEG alpha burst analysis, a number of burst parameters were employed as the 

input(s) of the regression model, which included: 

• burst_ duration, the most important parameter, is a measure of the duration of 

the alpha burst 

• mean_ burst _yeaks _amplitude, a measure the average peak amplitude in the 

alpha burst; 

• relative_ burst _yeaks _amplitude, a measure of the comparison of 

mean_burst_yeaks_amplitude relative the average peak amplitude at pre-burst 

duration. 

• burst _yeaks _amplitude_ variance, a measure of the variance between the 

amplitudes in the burst. 

• burst _smoothing_ coefficient, a measure of how free of noise the burst is; and 

• burst_ waves_ duration_ variance, a measure of variance of duration of the 

waves inside the alpha burst. 

Analyses were evaluated three times for each detection method. The first analysis 

used parameters extracted from the C4 EEG signal, the second analysis used 

parameters extracted from the 02 EEG signal and finally the last analysis combined 

the parameters from both EEG signals. 
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4.3.2 Outcomes of linear regression for drowsiness detection based on spectral 

analysis of the EEG 

Table 4.1 shows the results from the linear regression model (equation 4.8) when it 

was applied to the average drowsiness data based on the EEG spectral analysis 

method. First, the channels 02 and C4 were examined separately and then they were 

both used in combination to determine which EEG channel had the right sign 

(negative or positive) for the regression coefficient, which had better significance in 

the form of the p-value, and which channel produced the better R2 value. For every 

channel, there were 4 possible values that could be used in the regression model. 

These were: the averaged power spectrum ratio (APSR), the maximum power 

spectrum ratio (MPSR), the average adjusted power spectrum ration (APSRadjusted), 

and the maximum adjusted power spectrum ratio (MPSRadjusted) . 

The regression coefficient in all the four ratios (APRS, MPSR, APSRadjusted, 

MPSRadjusted) for both channels when considered individually and in combination had 

positive values, thus verifying the original hypothesis of the existence of a positive 

relationship between the EEG signals and the drowsiness level. Moreover, the 

regression coefficient of APSRadjusted values was the greatest in the 02, C4, and the 

combined 02, C4 groups. Even though the sign of the regression coefficient was of 

importance, the actual value of the coefficient is less significant. The p-value, on the 

other hand, is of more importance when considering the contribution of the 

independent variable (APSR, MPSR, APSRadjusted, or MPSRadjusted) to the value of the 

dependent variable (drowsiness rate). The results of the regression using single EEG 

channels produced p-values of< 0.001, thus indicating strong significance. The 

results from the combined channels were also very protnising with most of the 

channels producing p-values :::; 0.001 with the exception of the p-value of the APSR 

value of the C4 channel which was 0.21. This means that the signal from the C4 

rapidly becomes less significant when combined with the APSR from 02. However, 

when the same APSR value from the C4 channel is corrected by subtracting the 

APSRref value from it (to derive APSRadjusted) it becomes very significant again with a 

p-value of< 0.001. Another statistical parameter is the t-statistic, which is a measure 

of signal to noise ratio, and the greater this value, the greater the impact of the 
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independent variable on the value of the dependent variable (Glenberg and 

Andrzejewski, 2007). In Table 4.1, when the channels were considered separately, 

their t-statistic values were large with the adjusted values scoring larger t calculations. 

When the channels were combined, the value of the t-static became smaller; this was 

expected since, as more independent variables are added to the regression model, the 

contribution of variables to the variability of the dependent variable decreases. 

Finally, when examining the R2 results of the four power spectrum ratios, it becomes 

evident that for the single channels, the covariate that showed the strongest 

association in both 02 and C4 was the MPSRadjusted value. The difference between the 

lowest value (the APSR value) and the highest value (the MPSRadjusted value) was as 

much as 0.112. Combining the signals from the two EEG channels 02 and C4 

produced slightly better results, with the MPSRadjusted again having the best results for 

both the two channel combinations and the overall best R2 value. The difference 

between the APSR and the MPSRadjuste.:I values for the combined channels was 0.125, 

while the difference between the best result of single EEG channel (MPSRadjusted 02) 

and the MPSRadjusted of the combined channels was 0.0 14. These results indicate that 

when considering EEG as a fatigue indicator, the alpha measurements should be 

calculated relative to the baseline alpha measurements taken during the alert driving. 
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Table 4.1: Results of linear regression of the EEG channels 02, C4, and the 

combination of the two channels (C4 & 02) as predictors of average 

drowsiness based on the spectral method 

Single Channel: 02 
Covariates Regression Coeff t p-value R2 

APSR02 2.662 [2.416; 2.907] 21.25 < 0.001 0.055 
MPSR02 2.012 [1.889; 2.135] 32.07 < 0.001 0.116 
APSRadjusted02 4.228 [3.952; 4.505] 29.98 < 0.001 0.103 
MPSRadjusted 02 2.735 [2.600; 2.871] 39.52 < 0.001 0.167 
Single Channel: C4 
Covariates Regression Coeff t p-value R2 

APSRC4 2.008 [1.744; 2.273] 14.89 < 0.001 0.028 
MPSRC4 1.518 [1.386; 1.651] 22.53 < 0.001 0.061 
APSRadjusted C4 4.622 [ 4.287; 4.957] 27.06 < 0.001 0.086 
MPSRadjusted C4 2.823 [2.662; 2.984] 34.38 < 0.001 0.132 
Two Channels: C4 & 02 
Covariates Regression Coeff t p-value R2 

APSRC4 0.224 [ -0.126; 0.573] 1.25 0.21 
0.055 

APSR02 2.521 [2.192; 2.851] 15.01 < 0.001 
MPSRC4 0.275 [0.107; 0.443] 3.2 0.001 

0.118 
MPSR02 1.841 [ 1.680; 2.003] 22.36 < 0.001 
APSRadjusted C4 1.958 [1.472; 2.443] 7.91 < 0.001 -- 0.11 
APSRadjusted 02 3.032 [2.627; 3.437] 14.68 < 0.001 

MPSRadjusted C4 1.248 [1.037; 1.460] 11.57 < 0.001 
0.181 

MPSRadjusted 02 2.012 [1.83; 2.194] 21.66 < 0.001 

Key: APSR = averaged power spectrum ratio, C4 = Central EEG measurements, 

Coeff = Coefficient, EEG =Electroencephalography, MPSR =maximum 

power spectrum ratio, 02 = Occipital EEG measurements, p = significance 

level, R2 =coefficient of determination, t =ratio of the regression coefficient 

to the standard error. 

The results in Table 4.1 provide all of the measurements of EEG at the 02 and C4 

sites, and the model considers each measure as being independent and does not have 

an impact on either the values preceding or the values succeeding it. However, it 

should be considered that different individuals will possess different EEG 
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characteristics and as such, will they have different alpha signal compositions with 

different alpha baselines. That is why it was necessary take into account correlation 

within individual subjects. In the correlation model, there were several changes from 

the results obtained from the linear regression analysis. The values of the regression 

coefficients changed slightly; however, the signal to noise value, z-statistic (which 

could be considered equivalent to the t-statistic) changed considerably, signifying an 

increase in the standard error. Also, there were several changes in the p-values of the 

combined channels analyses where several p-values increased, indicating a drop in the 

significance of the parameter. The changes in the z and p-values were expected, as 

the nature of correlation is to reduce the number of available points in the dataset. An 

important factor to consider is that the various parameters remained significant after 

the correlation, except for the APSRadjusted value of the C4 channel for the combined 

channel analysis. 
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Table 4.2: Results of linear regression of the EEG channels 02, C4, and the 

combination of the two channels (C4 & 02) as predictors of average 

drowsiness based on the spectral method when correlation within 

individual subjects is taken into account 

Single Channel: 02 
Co variates Regression Coeff z p-value 
APSR02 3.649 [2.166; 5.132] 4.82 < 0.001 
MPSR02 2.417 [1.787; 3.047] 7.52 < 0.001 
APSRadjusted 02 3.691 [2.204; 5.179] 4.86 < 0.001 
MPSRadjusted 02 2.433 [ 1.805; 3.061] 7.59 < 0.001 
Single Channel: C4 
Co variates Regression Coeff z p-value 
APSRC4 3.75 [1.907; 5.593] 3.99 < 0.001 
MPSRC4 2.422 [1.579; 3.265] 5.63 < 0.001 
APSRadjusted C4 3.809 [1.952; 5.666] 4.02 < 0.001 
MPSRadjusted C4 2.446 [1.603; 3.289] 5.69 < 0.001 
Two Channels: C4 & 02 
Covariates Regression Coeff z p-value 
APSRC4 1.417 [ -0.587; 3.421] 1.39 0.166 
APSR02 2.781 [1.076; 4.486] 3.2 0.001 
MPSRC4 1.126 [0.321; 1.931] 2.74 0.006 
MPSR02 1.765 [1.201 ; 2.329] 6.13 < 0.001 
APSRadjusted C4 1.457 [ -0.557; 3.4 7] 1.42 0.156 
APSRadjusted 02 2.799 [1.092; 4.506] 3.21 0.001 
MPSRad.iusted C4 1.145 [0.339; 1.95] 2.79 0.005 
MPSRad.iusted 02 1. 77 [ 1.209; 2.332] 6.18 < 0.001 

Key: APSR = averaged power spectrum ratio, C4 = Central EEG measurements, 

Coeff = Coefficient, EEG =Electroencephalography, MPSR =maximum 

power spectrum ratio, 02 = Occipital EEG measurements, p = significance 

level, R2 = coefficient of determination, z =ratio of the regression coefficient 

to the standard error. 

The regression model was applied again to the derivatives of the 02 and C4 channels 

but with n1axirr1urn drowsiness as the predicted variable (Table 4.3). A similar pattern 

to the average drowsiness emerged where the best results were achieved with the 

MPSRactjusted values, indicating that resting value of the alpha signals had an impact on 

the overall result. The difference between the APSR value and the MPSRactjusted for the 
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combined channels in the prediction of maximum drowsiness was 0.134 which was 

larger than the difference for the same parameters in the average drowsiness case 

which was 0.125. The difference between the best result of single EEG channel 

(MPSRadjusted 02) and the MPSRadjusted of the combined channels was 0.012, which 

was slightly less than the difference in the average drowsiness of 0.0 14. Comparing 

the results from Table 4.1 and Table 4.3, it can be deduced that the regression 

coefficients produced by the various derivatives of the two EEG channels 02 and C4 

were always positive for both cases of the drowsiness scale, thus confirming the 

hypothesis that there is an increase in the alpha activity of the EEG signal during 

drowsiness. Furthermore, the regression model was better at predicting average 

drowsiness as was indicated by the higher R2 value obtained with the combined 

MPSRadjusted 02 and MPSRadjusted C4 values. 
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Table 4.3: Results of linear regression of the EEG channels 02, C4, and the 

combination of the two channels (C4 & 02) as predictors of maximum 

drowsiness based on the spectral 

Single Channel: 02 
Covariates Regression Coeff t p-value R2 

APSR02 2.731 [2.44; 3.023] 18.36 < 0.001 0.041 
MPSR02 2.237 [2.09; 2.383] 29.99 < 0.001 0.103 
APSRadjusted 02 4.769 [ 4.442; 5.097] 28.54 < 0.001 0.094 
MPSRadjusted 02 3.191 [3.031; 3.352] 38.99 < 0.001 0.163 
Single Channel: C4 
Covariates Regression Coeff t p-value Rz 

APSRC4 2.226 [ 1.914; 2.538] 13.97 < 0.001 0.024 
MPSRC4 1. 734 [ 1.578; 1.891] 21.78 < 0.001 0.057 
APSRadjusted C4 5.222 [4.826; 5.618] 25.86 < 0.001 0.079 
MPSRadjusted C4 3.248 [3 .058; 3.439] 33.42 < 0.001 0.125 
Two Channels: C4 & 02 
Covariates Regression Coeff t p-value Rz 

APSRC4 0.527 [0.112; 0.942] 2.49 0.013 
0.042 

APSR02 2.4 [2.009; 2. 791] 12.03 < 0.001 
MPSRC4 0.386 [0.186; 0.586] 3.79 < 0.001 

0.105 
MPSR02 1.996 [ 1.804; 2.188] 20.4 < 0.001 
APSRadj;Jsted C4 2.234 [ 1.659; 2.809] 7.62 < 0.001 

0.101 
APSRadjusted 02 3.403 [2.923 ; 3.882] 13 .9 < 0.001 
MPSRadjusted C4 1.374 [1.124; 1.625] 10.76 < 0.001 

0.175 
MPSRadjusted 02 2.394 [2.179; 2.61] 21.78 < 0.001 

Key: APSR = averaged power spectrum ratio, C4 = Central EEG measurements, 

Coeff = Coefficient, EEG =Electroencephalography, MPSR =maximum 

power spectrum ratio, 02 = Occipital EEG measurements, p = significance 

level, R2= coefficient of determination, t =ratio of the regression coefficient to 

the standard error. 

And once again when the results were correlated according to the subject, the p-value 

of all the variables still remained significant except for the APSRadjusted of the C4 

channel in the combined channel analysis. 
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Table 4.4: Results of linear regression of the EEG channels 02, C4, and the 

combination of the two channels (C4 & 02) as predictors of maximum 

drowsiness based on the spectral method when correlation within 

individual subjects is taken into account 

Single Channel: 02 
Covariates Regression Coeff z p-value 
APSR02 4.035 [2.375; 5.694] 4.77 < 0.001 
MPSR02 2.812 [2.095 ; 3.53] 7.68 < 0.001 
APSRadjusted 02 4.092 [2.427; 5.757] 4.82 < 0.001 
MPSRadjusted 02 2.836 [2.12; 3.551] 7.76 < 0.001 
Single Channel: C4 
Co variates Regression Coeff z p-value 
APSRC4 4.14 [2.098 ; 6.183] 3.97 < 0.001 
MPSRC4 2.758 [1.804; 3.711] 5.67 < 0.001 
APSRadjusted C4 4.215 [2.155; 6.276] 4.01 < 0.001 
MPSRadjusted C4 2.789 [1.834; 3.743] 5.73 < 0.001 
Two Channels: C4 & 02 
Covariates Regression Coeff z p-value 
APSRC4 1.564 [-0.789; 3.917] 1.3 0.193 -- -· 
APSR02 3.075 [1.047; 5.103] 2.97 0.003 
MPSRC4 1.207 [0.236; 2.177] 2.44 0.015 

- --r-· 
MPSR02 2.113 [1.398; 2.828] 5.79 < 0.001 
APSRadjusted C4 1.605 [-0.761 ; 3.971] 1.33 0.184 
APSRadjusted 02 3.108 [1.078 ; 5.138] 3 0.003 
MPSRadjusted C4 1.228 [0.257; 2.198] 2.48 0.013 
1\tiPSRadjusted 02 2.124 [1.413 ; 2.836] 5.85 < 0.001 

Key: APSR = averaged power spectrum ratio, C4 = Central EEG n1easurements, 

Coeff = Coefficient, EEG = Electroencephalography, MPSR =maximum 

power spectrum ratio, 02 = Occipital EEG measurements, p = significance 

level, R2= coefficient of determination, z= ratio of the regression coefficient to 

the standard error. 
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4.3.2.1 Outcomes of linear regression of detection based on EEG alpha burst 

analysis 

The linear regression model for the alpha burst analysis was a little more complex. 

As mentioned earlier (see section 0), a number of parameters were extracted from 

each alpha burst; two of the parameters of interest were the time occupied by the 

alpha burst in the 1 0-second interval and the noise effect on the signal. First, the most 

important parameter was the time occupied by the alpha bursts as a whole in the 

segment (also known as burst_duration). A reference parameter relating to the time 

occupied by the alpha bursts was obtained by averaging burst_ duration parameter for 

the initial15-minute period of the study (burst_durationintiaJ). The corrected time 

(burst_ durationadjusted) parameter was obtained by subtracting burst_ durationintial from 

burst_duration. The other parameter was the burst_smoothing_coefficient, which 

measured the degree of the noise in the signal. 

Table 4.5 and Table 4.6 show the results of the linear regression model comparing the 

R2 for the different parameters of the alpha burst algorithm. As with the statistical 

analysis of the EEG spectral data, the effects of the two EEG channels were examined 

individually and then in combination. Due to the ]arge number of permutations 

possible and equally large number of results, only the R2 outcomes of the regression 

model (equation 4.8) were listed in Table 4.5 and Table 4.6. For each channel, the 

burst_ duration and burst_ durationadjusted (labelled in the tables as 'Unadjusted time' 

and 'Adjusted time', respectively) were used as covariates in determining both the 

average and maximum drowsiness rating. In the second regression iteration, a number 

of other burst parameters were added as covariates in the regression model. These 

parameters were the burst _smoothing_ coefficient, burst _yeaks _amplitude_ variance, 

and burst_ waves_ duration_ variance. The MatLAB program that detected alpha 

bursts and produced the abovementioned burst parameters had a parameter (known as 

burst_ min_ waves_ count) that specified the minimum number of waves in the alpha 

burst required to be present for the burst to be detected. Naturally, the lower the 

minimum wave count, the greater was the number of bursts detected which in turn 

yielded a larger number of data to process. In Table 4.5 the burst_min_waves_count 

parameter was set to 4 waves and it was set to 6 waves in Table 4.6. 
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Once again, the adjusted EEG signals gave better results than the unadjusted EEG 

signals. In both Table 4.5 and Table 4.6, the adjusted time (burst_ durationadjusted) 

column always displayed better results than did the unadjusted time column for the 

same drowsiness scale. Moreover, the regression model that included the 

burst_ duration covariate along with all the co variates (mean_ burst _yeaks _amplitude, 

relative_ burst _yeaks _amplitude, burst _yeaks _amplitude_ variance, 

burst_smoothing_coefficient, and burst_waves_duration_variance) always produced a 

better statistically significant result. The addition of these parameters to the regression 

model increased the association by as much as 0.079. Similar to the spectral-based 

analysis, it appeared that the regression model was slightly better at predicting 

average drowsiness scale than predicting maximum drowsiness. And finally, the 

combination of the 2 EEG channels provided better results than did the channels on 

their own. 

Table 4.5: Comparison of the R2 values for the different combinations of the alpha 

burst-based algorithm with wave count of 4 (the strongest association is 

bolded) 

Average Drowsiness Maximum Drowsiness 
Covariates Unadjuste Adjusted Unadjuste Adjusted 

d time time d time time 

C4 0.068 0.116 0.063 0.114 

C4 with all alpha burst 0.137 0.171 0.129 0.166 parameters 

02 0.168 0.179 0.158 0.171 

02 with all alpha burst 0.222 0.231 0.207 0.219 parameters 

both (C4, 02) 0.173 0.202 0.162 0.195 

both (C4, 02) with all alpha 0.252 0.272 0.237 0.260 burst parameters 

Key: C4 = Central EEG measurements, EEG = Electroencephalography, 

02 =Occipital EEG measurements, R2= coefficient of determination. 
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Table 4.6: Comparison of the R2 values for the different combinations of the alpha 

burst-based algorithm with wave count of 6 (the strongest association is 

bolded) 

Average Drowsiness Maximum Drowsiness 
Covariates 

Unadjuste Adjusted Unadjuste Adjusted 
d time time d time time 

C4 0.059 0.087 0.055 0.084 

C4 with all alpha burst 0.138 0.156 0.130 0.148 parameters 

02 0.148 0.149 0.138 0.141 

02 with all alpha burst 0.209 0.211 0.196 0.200 parameters 

both (C4, 02) 0.160 0.174 0.149 0.166 

both (C4, 02) with all alpha 0.248 0.258 0.233 0.244 burst parameters 

Key: C4 = Central EEG measurements, EEG =Electroencephalography, 

02 = Occipital EEG measurements, R2= coefficient of determination. 

Comparing Table 4.5 and Table 4.6, which is in essence comparing the results of the 

burst parameters when the minimum wave counts were 4 and 6 waves respectively, it 

can be seen that, as previously predicted, stronger associations to drowsiness rating 

was observed when the burst_min_waves_count was set to 4. This can be explained 

by the fact that with the lowering of the count threshold, more tneasurements become 

available for assessment. 

Table 4. 7 illustrates the results of the strongest associations that were compared in 

Table 4.5 and Table 4.6. The results of the regression model with a minimum wave 

count of 4 were tabulated for the average drowsiness. The results were also tabulated 

after the correlation of the data according to the individuals. The burst_ durationadjusted 

regression coefficients were positive, indicating that as drowsiness ratings increase, so 

does the time occupied by the alpha burst. As a matter of fact, of all the covariates 

(burst _durationadjusted, mean_ burst _yeaks _amplitude, 

relative_ burst _yeaks _amplitude, burst _yeaks _amplitude_ variance, 

burst_smoothing_coefficient, and burst_waves_duration_variance), only the 
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mean_ burst _peaks_ amplitude had a negative association with the drowsiness rating, 

suggesting that the average burst peak decreases with an increase in the drowsiness 

rating. Taking only the parameters with a significant association (p-value :S 0.05) 

with drowsiness from Table 4.7, the 'with correlation' and 'without correlation' 

columns to produce the parsimonious model in Table 4.8, the required number of 

covariates is reduced from 12 for the 'without correlation ' case to 8 covariates. In the 

case of 'with correlation ' covariates, the required covariates reduced to only 4. The 

analysis was conducted again for the minimum wave count of 6 in Table 4.9 and 

Table 4.10. 
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Table 4.7: Comparison between the regression models of the adjusted average and 

the correlated alpha bursts values with wave count 4 

Average Drowsiness Average 
Inputs (Without Drowsiness 

correlation) (With correlation) 
R2 0.272 

Regression 0.043 [0.036; 0.05] 0.031 [ -0.002; 0.064] 
burst_ durationadjusted Coeff. 

C4 t 11.49 1.83 
p-value < 0.001 0.067 
Regression 0.067 [0.058; 0.075] 0.065 [0.051; 0.078] 

burst_ durationadjusted Coeff. 
02 t 15.59 9.58 

p-value < 0.001 < 0.001 
Regression -0.008 [ -0.011; - -0.001 [ -0.006; 

mean_ burst_peaks _amplitude Coeff. 0.006] 0.004] 
C4 t -7.01 -0.34 

p-value < 0.001 0.734 
Regression -0.01 [-0.013; -0.007] -0.006 [ -0.011; -

mean_ burst_peaks_ amplitude Coeff. 0.002] 
02 t -6.73 -2.63 

p-value < 0.001 0.009 
Regression 0.883 [0.391; 1.3 75] 0.289 [ -0.22; 0.798] 

burst_ waves_ duration_ variance Coeff. 
C4 t 3.52 1.11 

p-value < 0.001 0.266 
Regression 0.474 [ -0.179; 1.128] 0.436 [ -0.184; 1.056] 

burst_ waves_ duration_ variance Coeff. 
02 t 1.42 1.38 

p-value 0.155 0.168 
Regression -0.485 [ -1.043; 0.073] -0.323 [ -1.0 17; 0.37] 

burst _peaks_ amplitude_ variance Coeff. 
C4 t -1.71 -0.91 

p-value 0.088 0.361 
Regression 0.034 [ -0.67; 0.739] 0.062 [ -0.579; 0.703] 

burst_peaks _amplitude_ variance Coeff. 
02 t 0.1 0.19 

p-value 0.924 0.85 
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Table 4.7: Contd. 

Average Drowsiness Average 
Inputs (Without Drowsiness 

correlation) (With correlation) 
Regression 0.5 [ -0.093; 1.093] 0.506 [-0.095; 1.1 06] 

burst_ smoothing_ coefficient Coeff. 
C4 t 1.65 1.65 

p-value 0.098 0.099 
Regression 1.119 [0.383; 1.856] 0.838 [0.022; 1.653] 

burst_ smoothing_ coefficient Coeff. 
02 t 2.98 2.01 

p-value 0.003 0.044 
Regression 0.435 [0.364; 0.507] 0.249 [0.138; 0.361] 

relative_ burst _peaks_ amplitude Coeff. 
C4 t 11.94 4.38 

p-value < 0.001 < 0.001 
Regression 0.424 [0.36; 0.487] 0.267 [0.141; 0.393] 

relative_ burst _peaks_ amplitude Coeff. 
02 t 13.04 4.14 

p-value < 0.001 < 0.001 

Key: C4 = Central EEG measurements, Coeff = Coefficient, 

EEG = Electroencephalography, 02 = Occipital EEG measuren1ents, 

R2= coefficient of determination, p = significance level, t =ratio of the 

regression coefficient to the standard error. 
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Table 4.8: Comparison between the significant variables of regression models of 

the average for the alpha burst-based algorithm with wave count of 4 

Average Drowsiness Average 
Inputs (Without Drowsiness 

correlation) (With correlation) 
R2 0.271 

Regression 0.043 [0.036; 0.05] 
burst_ duration adjusted Coeff. 

C4 t 11.49 
p-value < 0.001 
Regression 0.067 [0.058; 0.075] 0.078 [0.064; 0.092] 

burst_ durationadjusted Coeff. 
02 t 15.59 10.99 

p-value < 0.001 < 0.001 
Regression -0.009 [ -0.011 ; -

mean_ burst_peaks _amplitude Coeff. 0.007] 
C4 t -7.77 

p-value < 0.001 
Regression -0.008 [ -0.011; -

mean_ burst_peaks_ amplitude Coeff. 0.006] 
02 t -6.18 

p-value < 0.001 
Regression 0.792 [0.582; 1.003] 

burst_ waves_ duration_ variance Coeff. 
C4 t 7.39 

p-value < 0.001 
Regression 1.908 [1.437; 2.378] 1.161 [0.631; 1.691] 

burst_ smoothing_ coefficient Coeff. 
02 t 7.95 4.29 

p-value < 0.001 < 0.001 
Regression 0.457 [0.388; 0.527] 0.348 [0.233; 0.463] 

relative_ burst _peaks_ amplitude Coeff. 
C4 t 12.85 5.94 

p-value < 0.001 < 0.001 
Regression 0.413 [0.35; 0.476] 0.210 [0.094; 0.327] 

relative_ burst _peaks_ amplitude Coeff. 
02 t 12.8 3.54 

p-value < 0.001 < 0.001 

Key: C4 = Central EEG measurements, Coeff = Coefficient, 

EEG = Electroencephalography, 02 = Occipital EEG measurements, p 

= significance level, R2
= coefficient of determination, t =ratio of the 

regression coefficient to the standard error. 
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Table 4.9: Comparison between the regression models of the adjusted average and 

the correlated alpha bursts values with wave count 6 

Average 

Inputs Drowsiness Average Drowsiness 
(Without (With correlation) 
correlation) 

R2 0.258 
Regression 0.042 [0.032; 0.052] 0.024 [-0.0 11; 0.059] 

burst_ durationadjusted Coeff. 
C4 t 8.38 1.33 

p-value < 0.001 0.184 
Regression 0.06 [0.05; 0.071] 0.06 [0.046; 0.074] 

burst_ durationadjusted Coeff. 
02 t 11.42 8.44 

p-value < 0.001 < 0.001 
Regression -0.014 [ -0.017;- -0.006 [ -0.015 ; 0.003] 

mean_ burst_peaks _amplitude Coeff. 0.011] 
C4 t -9.86 -1.27 

p-value < 0.001 0.205 
Regression -0.017 [-0.021;- -0.009 [-0.015;-

mean_ burst_peaks _amplitude Coeff. 0.012] 0.004] 
02 t -7.94 -3.39 

p-value < 0.001 0.001 
Regression 1.239 [0.47 ; 2.007] 0.671 [ -0.078; 1.421] 

burst_ waves_ duration_ variance Coeff. 
C4 t 3.16 1.76 

p-value 0.002 0.079 
Regression 0.98 [-0.128; 2.087] 0.853 [ -0.531; 2.23 7] 

burst_ waves_ duration_ variance Coeff. 
02 t 1.73 1.21 

p-value 0.083 0.227 
Regression -0.456 [ -1.322; -0.445 [-1.213; 0.323] 

burst _peaks_ amplitude_ variance Coeff. 0.41] 
C4 t -1.03 -1.13 

p-value 0.302 0.257 
Regression -0.645 [ -1.88; 0.59] -0.397 [ -1.858; 1.064] 

burst _peaks_ amplitude_ variance Coeff. 
02 t -1.02 -0.53 

p-value 0.306 0.594 
Regression 1.003 [0.083 ; 1.923] 1.225 [0.293 ; 2.156] 

burst_ smoothing_ coefficient Coeff. 
C4 t 2.14 2.58 

p-value 0.033 0.01 
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Table 4.9 Continued. 

Average 

Inputs Drowsiness Average Drowsiness 
(Without (With correlation) 
correlation) 

Regression 2.871 [1.611; 4.131] 1.767 [0.297; 3.237] 
burst_ smoothing_ coefficient Coeff. 

02 t 4.47 2.36 
p-value < 0.001 0.018 
Regression 0.544 [0.46; 0.627] 0.319 [0.146; 0.492] 

relative_ burst_peaks _amplitude Coeff. 
C4 t 12.74 3.61 

p-value < 0.001 < 0.001 
Regression 0.464 [0.379; 0.55] 0.246 [0.1 02; 0.391] 

relative_ burst _peaks_ amplitude Coeff. 
02 t 10.65 3.34 

p-value < 0.001 0.001 

Key: Coeff = Coefficient, C4 = Central EEG measurements, 

EEG = Electroencephalography, 02 = Occipital EEG measurements, 

p =significance level, R2= coefficient of determination, t = ratio of the 

regression coefficient to the standard error. 
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Table 4.10: Comparison between the significant variables of regression models of 

the average for the alpha burst-based algorithm with wave count of 6 

Inputs Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

R2 0.257 
Regression 0.042 [0.032; 0.052] 

burst_ durationadjusted Coeff. 

C4 t 8.39 
p-value < 0.001 
Regression 0.06 [0.05; 0.07] 0.064 [0.052; 0.076] 

burst_ durationadjusted Coeff. 

02 t 11.36 10.4 
p-value < 0.001 < 0.001 
Regression -0.015 [ -0.0 1 7; -0.0 12] 

mean_ burst _peaks_ amplitude Coeff. 

C4 t -10.37 
p-value < 0.001 
Regression -0.015 [ -0.0 19; -0.0 11 ] -0.009 [ -0.013 ; -0.004] 

mean_ burst _peaks_ amplitude Coeff. 

02 t -7.92 -3.58 
p-value < 0.001 < 0.001 
Regression 0.953 [0.467; 1.44] 

burst waves duration variance Coeff. 
- - -

C4 t 3.84 
p-value < 0.001 
Regression 0.992 [0.074; 1.911] 

burst_ smoothing_ coefficient Coeff. 

C4 t 2.12 1.098 [0.605; 1.59] 
p-value 0.034 4.37 
Regression 3.661 [2.912; 4.411] < 0.001 

burst_ smoothing_ coefficient Coeff. 

02 t 9.57 2.883 [1.61; 4.155] 
p-value < 0.001 4.44 
Regression 0.55 [0.466; 0.633] < 0.001 

relative_ burst _peaks_ amplitude Coeff. 

C4 t 12.93 0.27 [0.118; 0.422] 
p-value < 0.001 3.48 
Regression 0.461 [0.375; 0.546] < 0.001 

relative_ burst _peaks_ amplitude Coeff. 

02 t 10.61 0.244 [0.096; 0.392] 
p-value < 0.001 3.23 

Key: C4 = Central EEG measurements, Coeff = Coefficient, 

EEG = Electroencephalography, 02 = Occipital EEG measurements, p 

=significance level, R2= coefficient of determination, t =ratio of the 

regression coefficient to the standard error. 
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4.4 Development of an algorithm for detecting driver drowsiness 

fromEEG 

4.4.1 Drowsiness state detection 

4.4.1.1 Driver's drowsiness assessment according to video image ratings 

As discussed above, the driver's drowsiness states were rated based on the video 

images and all 'significant' drowsiness transition points were defined. The entire 

experimental duration for each subject was classified into segments, and each segment 

was then allocated to one of the following three categories: 

1. Reference segment, Segmentreference: the first 15 minutes of driving for each 

experiment session, 

2. Drowsiness segment, Segmentctrowsiness: the duration from the transition point to 

drowsiness until 60 second after the last test-point in the segment with 

drowsiness scale of ~ 3 (refer to Chapter 3 section 3.3 .2 for the drowsiness 

ratings scale (WierwilJe and Ellsworth (1994)). 

3. Alert segment, Segmentalert, the duration other than Segmentreference and 

Segmentdrowsiness· 

During automatic detection, only alert and drowsiness segments were examined. The 

alert reference segment (Segmentreference) from each subject was used to modify the 

detection parameter. If no alpha activity is present in the reference period then a 

default value is used. 
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4.4.1.2 Automatic detection algorithm based on Spectral EEG analysis 

Using the spectral method, the alpha power spectrum ratio was used as a variable to 

predict the drowsiness level. For each 1-minute interval, the weighted alpha power 

spectrum ratio, MPSRweigted, was calculated: 

Where: 

MPSRweighted == (MPSR 1 + MPSR 2 )/2 4.9 

MPSR1 = the maximum alpha power spectrum ratio from the first 30 s of 

the 1-minute test interval 

MPSR2 = the maximum alpha power spectrum ratio from the second 30 s of 

the 1-minute test interval 

A similar method was used to calculate the weighted alpha power spectrum ratio, 

APSRref, from the reference interval by averaging the 1-minute APSR over a 15-

minute period. An adjusted alpha power spectn1m ratio (MPSRadjusLed) for each 1-

minute test interval \:vas computed as : 

Where: 

MPSRadjusted == MPSRweigtect- MPSRref 4.10 

MPSRweigted = the average of the two MPSR values in the test interval (see 

equation 4.9) 

MPSRref = the average alpha power spectrum ratio of the first 15 minutes of 

each study, which is used as a reference value. If no alpha 

activity is present in the reference period then a default value is 

used. 
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The threshold value DrowsinessThresholdspectrai was a function of the APSRref and 

was defined as: 

Where: 

. Kspectral 
DrowslnessThresholdspectral == ( ) 

( 1 + e- S1 *(APSRref- Sz) ) 4.11 

Kspectral = the cut-off parameter of the drowsiness classification for spectral 

EEG analysis. The Kspectral is directly proportional to the 

specificity, where a higher Kspectral equals higher specificity; 

however, this is also inversely proportional to the sensitivity 

value (the terms specificity and sensitivity will be described later 

in the results, section 4.5 .2). Kspectral had a range of 0.03 - 0.2 

with a default value of 0.1 (which was found to be the optimal 

value for the specificity/sensitivity results). 

s1 and s2 =constant parameters of2 and 1.5, respectively. 

APSRref = the average alpha power spectrum ratio of the first 15 minutes of 

each study which is used as a reference value. If no alpha activity 

is present in the reference period then a default value is used. 

The parameter Kspectrai affects the value of the drowsiness threshold. The smaller the 

Kspectral value, the lower the DrowsinessThresholdspectrai, thereby making it easier to 

detect a drowsiness state. The Kspectrai was referred to as a cut-off parameter of the 

drowsiness classification. During automatic detection, Kspectrai was a constant value 

that was applied to all studies. The detection process occurred in 1 0-second intervals 

over a 1-minute period (denoted as a test segment). This process began at the end of 

the 15 minutes reference interval (Segmentreference) and lasted until the end of the test 

duration. 

The detection was applied to the EEG data from a single channel C4 (or 02), and to 

combinations of the C4 and 02 channels based on logical OR, meaning that the 
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algorithm detected a drowsiness state if an adjusted burst duration MPSRadjusted from 

any of the two channels was above the threshold, DrowsinessThresholdspectrai· 

{ 
1 if MPSRadjusted>DrowsinessThresholdspectral 

Drowsinesslndexspectral == 0', .1 MPSR D · Th h ld t adjusted< rowstness res o spectral 4.12 

4.4.1.3 Automatic detection algorithm based on Alpha burst 

The interval of the automatic drowsiness detection was 1 minute or longer, which was 

dependent on whether the beginning and end of the 1-minute interval contained any 

alpha bursts. If a burst was detected at the beginning of the 1-minute test interval, the 

start of the test duration was defined at the start of the burst. The end of the test 

duration was defined in a similar manner. For each test interval, the weighted burst 

duration, Durationweighted, was calculated first. The parameter Durationweighted was 

defined as : 

Durationweighted 

n 4 

==I n Coeff(burst_yarameteri (j)) * burst_durationi 
i=1 j=1 

4.13 

Where: 

n = the number of alpha bursts within the test interval 

burst duration =the time duration of the ith burst in seconds. 

= the current burst number within the test interval. 

j =the current alpha burst parameter 

burst _parameter = the value of one of the burst parameters (burst_ waves, 

burst_ smoothing_ coefficient, burst _peaks_ amplitude_ variance, 

and burst_ waves_ duration_ variance) depending on the j value. 
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There are four coefficients in the equation 4.13, which represents the contributions of 

various burst parameters to the calculation of the weighted burst duration. The first of 

the coefficients was the coefficient of the burst waves which was calculated as: 

Coeff(Wave) 

Where: 

== 1 + (burst_waves_count- burst_min_waves_count) 4.14 

* 0.2 

burst waves count = the number of waves in the current test burst 

burst_ min_ waves_ count = the minimum number of the waveform required for 

detection of the algorithm 

The remainder of the burst coefficients (burst_smoothing_coejjicient, 

burst _peaks_ amplitude_ variance, and burst_ waves _duration_ variance) had a 

different calculation process. For each of the three remaining burst parameters a 

coefficient value of 1 was assigned if the burst parameter was not used or a coefficient 

value of A i which was proportional to the value of the burst parameter. The 

coefficients of the alpha burst parameters were defined as: 

Where: 

C ff(b t t ) { 
1, if the ithparameter is not used oe urs parame er == . . . 

- Ai, tf the t thparameter ts used 

A i = the weight of the coefficient of the ith burst parameter. 

= 2 .. .4, the index of the burst parameter. 

4.15 

The value of A has a range from 0.5 to 1.5, which was proportional to the value of the 

burst parameter. Coeff(burst_yarameter) is a measure of how much influence the 

burst _parameter has on the burst_duration. A value of0.5 means the weight of the 

duration should be low, while the maximum of 1.5 means that the duration should be 

weighted more. A high weight factor is usually given to a value that resembles a 

smooth alpha burst. In this study, three burst parameters: 
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burst _smoothing_ coefficient, burst __yeaks _amplitude_ variance, and 

burst_ waves_ duration_ variance, were used. 
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Figure 4.5: Examples of alpha bursts from the C4 site that display the difference 

between alpha bursts that would produce different values of 

Coeff(burst _smoothing_ coefficient). a) shows an alpha burst that will 

be weighted very highly because it has a resemblance of a smooth alpha 

burst. b) shows an example of alpha burst that will be weighted low due 

to the sharp edges at its maximums and minimums 

The same processing was applied to the alert burst duration, Durationreference (i.e., the 

first 15 minutes of the each study, to obtain reference interval, Segmentreference or a 

default value if there is no alpha activity in the first 15 minutes). 

For each test segment, an adjusted burst duration Durationadjusted, was then defined as 

Durationadjusted = Durationweighted - Durationreference 4.16 

A drowsiness index, Drowsinesslndexburst, was produced as 
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D . / d { 1, if Durationadjusted>DrowsinessThresholdburst rowsLness n exb == . . . urst 0, tf Duratwnadjusted<DrowsmessThresholdburst 4.17 

A Drowsinesslndexburst value of 0 denotes an alert state, and a value of 1 denotes a 

drowsiness state. The drowsiness threshold value of DrowsinessThresholdburst was a 

function of the reference burst duration, and calculated using a similar equation as 

equation 4.11 , as is defined as : 

. Kburst DrowslnessThresholdburst == --------------
( 1 + e -( b1 *(Durationreference- bz))) 4.18 

Where: 

Kburst = the cut-off parameter of the drowsiness classification for alpha 

burst EEG analysis. Similarly to Kspectrab Kburst had a direct 

impact on the specificity/sensitivity. By conducting a number of 

analyses, it was found that Kburst had a range of 3 - 25 with a 

default value of 10 (the default value was the Kburst value that 

gave the best specificity/sensitivity combination). 

b 1 = a constant parameter, 2 

b2 = a constant parameter, 1.5 

Durationreference = the reference signal from first 15 minutes of data from each 

study. 

A similar process to that of the DrowsinessThresholdspecrrat was carried out to 

calculate the DrowsinessThresholdburst values for each valid driving session. One 

noticeable difference is in the values of the constants; the range of values of Kspectrai 

was smaller than the range of Kburst while the value of the constant s 1 in equation 4.11 

was much greater than the value of the constant b1 in equation 4.18. The reason for 

these differences is in the nature of the values of the EEG parameters that are 

analysed. In equation 4.11, the parameter examined was the APSRref which was a 

percentage of the total signal that the alpha signal occupies in the first 15 minutes of 

each study, with values theoretical ranging between 0 - 1 while in reality the range 

observed was 0.07- 0.25. In the alpha burst analysis, the parameter examined is the 
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Durationreference which is the duration that alpha bursts occupy in the first 15 minutes, 

and had values ranging from 0- 7.25 seconds. The values of the constants reflect the 

differences in scale of the examined parameters. 

4.4.2 Algorithm Inputs 

An BEG-based algorithm was developed to detect the alpha bursts. Firstly, the 

algorithm detected all the maximum and minimum points in the signal. Next, for 

every maximum it checked the next two maximum values and whether they had 

similar frequencies. If they had similar frequencies, then that group of maximum 

points was considered as an alpha burst. At the end of the detection, a number of 

parameters were extracted from each alpha burst including: 

• the number of waves in the alpha bursts ; 

• the variance in the average amplitude in relation to the average amplitude in 

the first 15 minutes of the study; 

• the difference in durations between the waves; and, 

• the effect of the background noise on the waves. 

These parameters will now be explained in detail. 

4.4.2.1 Number of Waves (burst_min_waves_count) 

In the algorithm, there were a number of parameters that were fed as variables to the 

detection function. The burst_ min_ waves_ count parameter specifies the least number 

of continuous waves in an alpha burst. The range of the parameters was 3-6 waves. 

The corresponding output parameter is the coefficient of the burst_ waves parameter 

that was previously introduced. The coefficient of the burst_ waves is weighed 

according to the number of the burst waves . 
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4.4.2.2 Noise Effect (burst_ smoothing_ coefficient _flag) 

Alpha bursts are a number of slow moving waves bundled together. Sometimes, these 

waves resemble each other, and at other times they are quite different from each other. 

The parameter burst_smoothing_coefficient_jlag tells the algorithm whether or not to 

take noise as a factor when detecting the alpha bursts. The corresponding output 

parameter is the burst_smoothing_coefficient parameter that was previously 

introduced. The burst_ smoothing_ coefficient is weighed according to the degree that 

the waves in the burst resemble each other, and it has a range of 0.5 to 1.5. 

4.4.2.3 Amplitude Effect (burst_peaks_amplitude_variance_flag) 

The parameter burst__peaks_amplitude_variance_jlag is a boolean parameter (either 0 

or 1) that specifies whether or not to ignore the effect of amplitude on the algorithm. 

Sometimes waves in the alpha bursts vary in amplitude, and if the variance of the 

amplitude is too great, then that wave is not considered to be a valid alpha burst. The 

corresponding output parameter is the burst _peaks_ amplitude _variance parameter 

that was previously introduced. The burst__peaks_amplitude_variance is weighed 

according to the degree that the amplitude of waves in the burst resemble each other, 

and it has a range of 0.5 to 1.5 . 

4.4.2.4 Period Effect (burst_ waves_ duration_ variance _flag) 

The parameter burst_waves_duration_variance_jlag is a boolean parameter (either 0 

or 1) that specifies whether or not to ignore the effect of period on the algorithm. 

Sometimes waves in the alpha bursts vary in period, and if the variance of the period 

is too great, then that wave is not considered to be a valid alpha burst. The 

corresponding output parameter is the burst_ waves _duration_variance parameter that 

was previously introduced. The burst_ waves_ duration_ variance is weighed 
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according to the degree that duration of the waves in the burst resemble each other, 

and it has a range of0.5 to 1.5 . 

4.5 Performance results for the EEG based drowsiness detection 

algorithms 

Amongst the 60 recruited subjects, 2 subjects were pilot trials and hence data from 

these 2 subjects were not included in this study. Seven subjects experienced severe 

simulator discomfort and were unable to complete the minimum driving session of 20 

minutes. Technical problems in the data recording precluded data from 11 subjects 

from further analysis. Hence, a total of 40 subjects were included in the final 

analysis for this chapter, 5 of whom had performed 2 driving sessions, which were 

separated by at least 20 minutes. The total number of valid driving sessions used for 

analysis was 45. The average driving time for each session was 89.4 minutes (89.4 ± 

41.3 minutes), and the total driving time was 67 .03 hours. 

4.5.1 Drowsiness state and Transition Point 

Two observers independently assessed the drivers ' drowsiness scales in 1 0-second 

intervals based on video images from the drivers (refer to Chapter 3 section 3.3.2 

(Wierwille and Ellsworth (1994)). A total of 24,132 drowsiness scales and 152 alert 

to drowsiness transition periods were identified using the software discussed 

previously in this chapter. Figure 4.6 is an example of a scaled driving session with 

the start point for drowsiness transition indicated. 
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Figure 4.6: The time course of the drowsiness score from a participant. Three alert 

to drowsiness transition points are shown. 

4.5.2 Algorithm Performance measurement 

In this study, the start of the transition to drowsiness was defined as an event, and 

each algorithm was tested by the accuracy of event detection based on measuring 

sensitivity and specificity. A pseudo code for the measurement process is described 

below: 

1. Start the test duration. 

2. Take 1 minute as the test segment, which has six 1 0-second intervals, and thus 

six drowsiness index values created from the test algorithm. 

3. If at least one of the six index values is 1, this segment is identified as an 

'event segment'. Otherwise, this segment is considered as a 'no event 

segment'. 

4. If the test segment overlaps with the start of transition to drowsiness, there are 

two possible outcomes: 

• If this segment is detected correctly as an 'event segment', the 

detection for this test segment is a 'True positive'. 
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• Otherwise, the detection for this test segment is a 'False negative' , 

which means that the algorithm misses a real event. 

The new search should start from the end of the current drowsiness segment as 

defined in section 4.4.1.1. Go to step 2. 

5. If the test segment does not include a true event, there are also two possible 

outcomes: 

• If this segment is detected wrongly as an 'event segment' , the detection 

for this test segment is a 'False positive' . 

• Otherwise, the test segment is marked as a 'True negative '. 

The new search starts from the end of the current test segment. Go to step 2. 

6. Repeat until the end of the study. 

The sensitivity and specificity were then calculated as follows : 

Sensitivity 
number of True positive segments 4.19 

number of True positive segments+number of false negative segments 

Specificity 
number of True negative segments 4.20 

number of True negative segments+number of false positive segments 

Sensitivity measures the portion of the drowsy events that are correctly identified by 

the algorithm. A hundred percent sensitivity means that the algorithm detected all 

drowsy episodes and there were no false negatives. 

Specificity on the other hand, measures the accuracy of the algorithm in detecting true 

negatives, that is, all non-drowsy periods. 

By changing the cut-off parameters Kburst or Kspectrab the receiver operating 

characteristics (ROC) (described above) were obtained. The area under the curve 

(AUC) was calculated from the ROC. The AUC was used to compare the algorithm 

performance based on the different analysis methods, that is, spectral analysis and 

alpha burst detection, or based on the same method with varying algorithm 
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parameters. The specificity and sensitivity were chosen at the point of the ROC curve 

where the sum of specificity and sensitivity reached the maximum value subjected to 

the specificity value(> than 0.95). In this study, the cut-off parameters Kburst or 

K spectral were changed to smaller values until the specificity was reduced to 0.8, that is, 

the range of !-specificity in ROC was from 0 to 0.2. 

4.5.3 Receiver Operator Characteristic (ROC) graphs 

As briefly discussed earlier (section 4.5.2), sensitivity and specificity are two concepts 

that can relate to the success of identifying positive or negative occurrences in a 

numerical/mathematical value (Bland, 2000; Matthews and Farewell, 2007). Neither 

sensitivity nor specificity can uniquely define the accuracy of the algorithm. 

Sensitivity measures how accurate the algorithm is in detecting drowsy episodes, but 

it does not take into account false positives, and conversely, specificity measures how 

accurately the algorithm detects true negatives but it does not account for false 

negatives. To accurately measure the success of the algorithm, it was necessary to 

describe the algorithm in terms of both sensitivity and specificity. This was achieved 

by constructing an ROC curve. It is a plot of sensitivity vs. !-specificity; the closer 

the edge of the curve is to the coordinate (0, 1) the better the algorithm is in detecting 

drowsiness episodes. 

The following ROC curves Figure 4.7-Figure 4.13 show how different parameters 

affect the curves and therefore were used to determine the parameters that yielded the 

best results. Some of the ROC curves presented below exhibit jittery behaviour, 

which is a reflection of the fact that more than one parameter was changed from 

equation 4.18 during the execution of the algorithm to produce the ROC values. 
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4.5.3.1 Initial Average Set-up Time 

Every individual has a different alpha percentage at rest. In order for an algorithm to 

be able to correctly detect drowsiness in different individuals, it was important for it 

to adapt to the different levels of alpha at which they became drowsy. Therefore, the 

algorithm utilised the few minutes at the start of every study to determine the alpha 

baseline. Two set-up times were tested (1 0 and 15 mins ). 

Figure 4.7 and Figure 4.8 show the ROC curves for the parameter 

burst_ min_ waves_ count (least number of continuous maximums/minimums, 

explained above) of 3 and 6 waves respectively. In both figures , there are plots with 

set-up times of 10 and 15 mins. 

In Figure 4.7 where the minimum wave count was 3 the effect of using the 15-min 

set-up time rather than the 10-min set-up was negligible (as was found in the case 

when the burst_min_waves_count count was changed to 4). 
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Figure 4. 7: Effect of changing the reference length from 10 minutes to 15 minutes 

(parameters: wave count= 3, amplitude factor= off, noise factor= off, 

duration factor= off) . 
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In Figure 4.8, it was clearly apparent that the setup time of 15 mins had a better result 

than the 1 0-min setup. This was also observed when the value for burst_ waves_ count 

was set to 6. 
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Figure 4.8: Effect of changing the reference length from 10 minutes to 15 minutes 

(parameters waves count= 6, amplitude factor = off, noise factor= off, 

duration factor = off) 
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4.5.3.2 Number of waves (burst_min_waves_count) 

The factor that affects the outcome of the alogrithm the most was the number of the 

minumum required waves in an alpha burst (burst_min_waves_count). The area 

under the curve varied greatly when the wave count parameter was changed. Figure 

4.9 shows when all the parameters are turned off and only the number of wave count 

is changed, the optimimum wave count was found to be 4. The spectral analysis 

technique was the lowest peformer. 
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Figure 4.9: Effect of changing the wave count on the outcome of the detection 

algorithm on the ROC curve, the spectral-based algorithm is also 

plotted here. 
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4.5.3.3 Effect of Amplitude Index (burst_peaks_amplitude_variance) 

The effect of adding the amplitude variance parameter 

(burst_peaks_amplitude_variance) to the EEG alpha bursts detection algorithm had a 

negligible effect on the outcome of the detection as shown in Figure 4.1 0. The 

difference between the areas under the curve between the ROC curves (obtained from 

Table 4.11) is 0.004, with using the amplitude factor achieving a slightly better result. 
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Figure 4.10: Effect of the an1plitude parameter on the outcome of the EEG alpha 

bursts algorithm on the ROC curve. Section highlighted in (a) is 

magnified in (b) 
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4.5.3.4 Effect of noise tolerance (burst_ smoothing_ coefficient) 

As was the case with the amplitude parameter, the effect of adding the tolerance of 

noise (burst _smoothing_ coefficient) as an input of the EEG burst algorithm had very 

little effect on the algorithm, as shown in Figure 4.11. The difference between the 

AUC between the ROC curves (obtained from Table 4.11) is 0.005 with using the 

amplitude achieving a slightly better result. 
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Figure 4.11: Effect of adding the noise parameter to the EEG alpha bursts algorithm 

on the ROC curve. (b) is a magnified section of the ROC curve in (a). 
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4.5.3.5 Effect of Duration factor (burst_ waves_ duration_ variance) 

The duration factor (burst_waves_duration_variance) also had minimal impact, as 

shown in Figure 4.12. The difference between the AUC between the ROC curves 

(Table 4.11) is close to 0. 
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Figure 4.12: Effect of adding the period parameter to the EEG alpha bursts algorithm 

on the ROC curve. (b) is a magnified section of the ROC curve in (a). 
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4.5.3.6 Effect of all the parameters versus no parameters 

Finally, the results from the various parameters was plotted and compared to each 

other. In Figure 4.13, the ROC curves of all the variables were so close to each other, 

that even 'magnification ' provided little distinction between the curves. The 

difference between the various parameters was hard to determine visually. 

Computation of AUC of ROC could provide a better estimation of the effect of the 

parameters as shown in Table 4.11. 
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Figure 4.13: Comparison of adding the parameters one at a time on the ROC curve. 

(b) is a magnified section of the ROC curve in (a). 
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4.5.3.7 Automatic Detection Results 

Alpha burst activity based on the proposed automatic detection algorithm was 

significantly different between the pre-transition period and the alert period as shown 

in Figure 4.14 a) and b) for the central and occipital sites, respectively. The pre-

transition point was defined as 60 seconds before a transition point, and the transition 

point and alert period were described as in section 4.4.1.1 above. The p-values were 

calculated using a one-way analysis of variance also known as the ANOVA test (the 

"analysis of variance" tests for the significant differences between the means of two 

independent groups of data (Howell, 2002)). 

Figure 4.15 shows that the area under the ROC curve was 0.75 for the alpha burst 

algorithm with a basic parameter setting compared with 0.719 from the maximum 

power spectrum analysis method. The basic parameter setting for the alpha burst 

method was burst_ waves_ count= 3 without using other coefficient values during 

calculation of the burst duration. 

The best detection performance was from the alpha burst algorithm using a parameter 

setting as minimum wavefo1n1 number 4 with burst_smoothing_coeificient and 

burst_waves_duration_variance, and the area under the ROC curve of0.764. The 

performances of the alpha burst algorithm with different parameter settings and the 

performance of the spectral algorithm were ranked by area under the ROC curve as 

shown in Table 4.11. Figure 4.16 compares the changes in the parameter setting in 

the alpha burst algorithm with spectral analysis. Three ROC curves are shown, 

representing the poorest and optimum settings in the alpha burst algorithm and the 

spectral analysis technique. 
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Table 4.11: Results of changing the different parameter settings 

Rank algorithm waves sm amp dur AUC Sensitivity Sensitivity Sensitivity 
@ 99°/o @ 98°/o @ 95°/o 

1 Alpha Burst 4 on off on 0.764 0.599 0.678 0.744 
2 Alpha Burst 4 on off off 0.763 0.601 0.680 0.742 
3 Alpha Burst 4 on on on 0.763 0.599 0.672 0.745 
4 Alpha Burst 3 on off off 0.763 0.590 0.640 0.733 
5 Alpha Burst 4 on on off 0.763 0.599 0.674 0.741 
6 Alpha Burst 3 on off on 0.762 0.590 0.638 0.745 
7 Alpha Burst 4 off on off 0.762 0.609 0.652 0.728 
8 Alpha Burst 4 off on on 0.762 0.609 0.652 0.728 
9 Alpha Burst 3 on on off 0.761 0.581 0.638 0.724 
10 Alpha Burst 3 on on on 0.760 0.581 0.642 0.729 
11 Alpha Burst 4 off off off 0.758 0.599 0.670 0.746 
12 Alpha Burst 4 off off on 0.758 0.599 0.670 0.746 
13 Alpha Burst 3 off off off 0.750 0.552 0.624 0.723 
14 Alpha Burst 3 off off on 0.750 0.552 0.624 0.723 
15 Alpha Burst 3 off on off 0.748 0.554 0.631 0.723 
16 Alpha Burst 3 off on on 0.748 0.554 0.631 0.723 
17 Alpha Burst 5 on on on 0.747 0.560 0.640 0.725 
18 Alpha Burst 5 on on off 0.746 0.554 0.644 0.712 
19 Alpha Burst 5 on off off 0.742 0.548 0.638 0.709 
20 Alpha Burst 5 on off on 0.741 0.552 0.642 0.720 
21 Alpha Burst 5 off on off 0.730 0.545 0.636 0.705 
22 Alpha Burst 5 off on on 0.730 0.545 0.636 0.705 
23 Alpha Burst 5 off off off 0.727 0.530 0.622 0.704 
24 Alpha Burst 5 off off on 0.727 0.530 0.622 0.704 --r----- -----
25 Spectral 0.719 0.083 0.549 0.720 
26 Alpha Burst 6 on on on 0.664 0.506 0.574 0.654 
27 Alpha Burst 6 on off on 0.660 0.512 0.568 0.647 
28 Alpha Burst 6 on off off 0.657 0.515 0.571 0.647 
29 Alpha Burst 6 on on off 0.656 0.481 0.571 0.651 
30 Alpha Burst 6 off on off 0.640 0.453 0.553 0.636 
31 Alpha Burst 6 off off on 0.640 0.485 0.542 0.625 
32 Alpha Burst 6 off off off 0.634 0.485 0.542 0.625 
33 Alpha Burst 6 off off on 0.634 0.453 0.553 0.636 

Key: amp= burst_peaks_amplitude_variance, AUC =Area under the curve of the 

receiver operating characteristics (ROC) graph, 

dur = burst_ waves_ duration_ variance, Sen = Sensitivity, 

sm = burst_smoothing_coefficient, Spec= Specificity, 

waves = burst min waves count. - - -

216 



4.6 Discussion and conclusions 

This chapter addressed part of Aim 5 where single parameter EEG based fatigue 

detection algorithms were proposed. 

In this chapter, a morphological EEG processing algorithm was proposed to detect 

alpha burst segments and subsequently calculate a drowsiness index. This index can 

be used to predict a driver's driving drowsiness state by locating the alert to 

drowsiness transition period. The proposed automatic detection algorithm was 

applied to more than 67 hours of raw EEG data, which was collected from 40 

subjects. The statistical analysis results from the current study demonstrated that the 

alpha burst analysis method had better performance for detection of driving 

drowsiness states than did the widely used spectral EEG method. 

It has long been understood that changes in alpha activity correlate to drowsiness 

states (Santamaria and Chiappa, 1987). In this study, EEG data as well a large 

number of other physiological signals (described in Chapter 3) were recorded and 

analysed frorn 40 subjects who drove an experiment vehicle within a realistic driving 

environment. The EEG analysis results from Table 4.1 indicate that there is a 

significant correlation between the increasing relative power spectrum in the alpha 

frequency band (8-13 Hz) across all measurement variables and the video-rated 

driving drowsiness scales. This association is strengthened if the reference duration 

(the first 15 minutes of driving) is taken into account as there is evidence that alpha 

activity varies widely from subject to subject (Makeig and Inlow, 1993 ). More 

importantly, the capacity to predict the drowsiness level is greater when using 

measuren1ents of the 'alpha burst' activity. As shown in Table 4.1-Table 4.6, the 

strongest correlation was with the variables from the alpha burst detection analysis 

method. The highest correlation for the spectral method was achieved with maximum 

alpha power spectrum ratio and the lowest was with the average alpha power 

spectrum ratio. The results of the associations shown by both of these latter spectral 

methods were lower than those of the alpha burst method. 
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Table 4.11 demonstrated that the drowsiness prediction is affected by the setting of 

parameters in the alpha burst pattern, particularly the smoothing coefficient value, 

burst _smoothing_ coefficient. These findings led us to further investigate: ( 1) whether 

there was a ' reliable ' relationship between alpha burst activity and the onset of severe 

drowsiness, that is, the transition-point used in this study; (2) if this was the case, 

what was the efficient method to detect the alpha burst activity; and (3) how to detect 

the change during driver drowsiness state based on the alpha burst activity. The 

results from section 4.5.3.7 have addressed these questions. 

Figure 4.6 illustrated that the duration of alpha bursts appeared to increase 

significantly in the pre-transition period to drowsiness compared with the alert period, 

and this increment occurred for both EEG sites, C4 and 02. These findings are 

consistent with the results published recently (Papadelis et al. , 2007; Yeo, Li and 

Wilder-Smith, 2007). It should be noted that there are two major differences between 

the findings in this study and the results from these groups. Firstly, different end-

point measurements were used. In the study by Papadelis et al. , (2007), the end-point 

was the onset of 'severe driving error' detected by both a Lane Detection System 

(CRF, FIAT Centre of Investigations, Italy) and the driver instructor. Papadelis 

(2007) reported results from 21 sleep-deprived subjects driving 200 km along a 

n1onotonous motorway, and found that only nine 'severe driving errors ' were 

detected. This was an extremely low number of error events under such a hypo-

vigilant environment. Though defining end-points in such a manner may efficiently 

prevent false positive results, it rnay also fail to recognise a large number of EEG 

epochs with considerable drowsiness symptoms. In real-life driving, these drowsiness 

epochs are often linked to potential driving accidents (Boyle et al., 2008). It is also 

highly likely that 'micro' sleepiness, which may provide a valuable warning of 

driving fatigue, will be excluded. In another study (Yeo et al., 2007), the authors 

examined whether there were differences in EEG patterns of sleep onset when 

sleeping in bed and at the wheel. The onset of sleep for both situations was defined as 

the transition period from wakefulness to the beginning of stage 2 sleep. The sleep 

stages were identified from the same signal of EEG. However, it is desirable to have 

independent signal sources for the end-point measurement to avoid a possible bias in 

the EEG analysis. As discussed in the introduction, a drowsiness detection system 

should have a low false positive rate and an early warning feature. 
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In the current study, an independent video image signal was used to assess transition 

from fully alert to extremely drowsy states. The video-based drowsiness scales were 

rated from 0 to 4 (refer to Chapter 3, section 3.3.2 and Wierwille and Ellsworth 

(1994) ), and the shift from alert to drowsiness was defined as the transition point 

from a low scale period to a multiple high-drowsiness scale (drowsiness scale 2: 3) 

period. From the total number of 334 7 test segments, which lasted 63.3 hours, 157 

alert to drowsiness transitions were detected. The author believes that such a 

definition of the end-point events would include all 'severe driving error' similar to 

that in Papadelis et al. (2007), as well as many EEG epochs with driving errors and 

'micro-sleepiness ' which may potentially precede driving accidents. Secondly, this 

study used various methods to detect the EEG alpha burst. In both the studies 

(Papadelis et al., 2007; Yeo et al. , 2007), the alpha burst was identified only by visual 

interpretation of EEG data and no further discussion of the detection of the alpha burst 

was presented. In this study, a number of methods were explored to detect alpha burst 

activity and, subsequently, driving drowsiness states were assessed based on these 

algorithms. 

There are three proposed methods for analysing EEG data, which include the 

averaged power spectrum, tnaximum power spectrutn, and alpha burst detection. The 

first two methods use the conventional discrete fast Fourier transform (DFFT) 

technique (spectral analysis) , while the alpha burst detection uses a morphological-

based method. As discussed earlier, the increasing alpha activity is strongly 'with 

correlation' with the onset of the alert to drowsiness transition. The initial hypothesis 

was that an increase in the alpha activity could result in a 'clear' alpha burst pattern 

rather than just simply an increase in the power spectrum distributed over the alpha 

frequency band. The results in this study support these assumptions. In Figure 4.15, 

it can be seen that the area under the ROC curve from the alpha burst algorithm was 

greater than that from the spectral analysis (the use of maximum power spectrum). 

The greatest discrepancies occur at the range with high specificity values in the ROC 

curve. For the same specificity of 0.98, the sensitivity of the alpha burst method is 

0.624 compared with 0.555 for the spectral analysis. The specificity value from the 

spectral analysis is limited to less than 0. 99 compared with the alpha burst algorithm 

that may achieve specificity values as high as 0.997. The proposed morphological 
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EEG analysis seems better able to detect alpha burst pattern than the spectral analysis, 

and therefore more accurately detects the drowsiness state. 

In the alpha burst method, there are a number of parameters that will affect the 

performance of the algorithm. In Table 4.11, the algorithms were ranked according to 

the area under the respective ROC curves. Figure 4.16 showed the ROC curves 

derived from the burst algorithm using two sets of parameters compared to the ROC 

curves obtained from the spectral analysis method. From these results it was found 

that: 

• The number of waveforms in the burst, and the smoothing of slope in the burst 

waveform (represented as burst _smoothing_ coefficient) were the two 

parameters that most affected the performance of the alpha burst algorithm. 

The best results were obtained using the minimum 4 waves and the smoothing 

coefficient regardless of other parameters. The performance of the algorithm 

declined when the minimum number of waveforms required increased. When 

the results in Table 4.11 were assessed, it was found that the reduction in 

performance was mainly due to a decrease in sensitivity. This indicates that 

the relatively short interval alpha burst range from 0.3 to 0.5 seconds could be 

an early indicator of the alert to drowsiness transition, and any drowsiness 

algorithm must have the capability to detect these short burst patterns. The 

obvious benefits of using the smoothing coefficient parameter provide 

evidence to support the assumption that a 'clear' burst pattern may have strong 

associations with the onset of the transition period to drowsiness. 

• By measuring the area under the ROC curve, the performance of the alpha 

burst algorithm with most of the parameter settings except, 6- waveform, was 

better than that using the spectral analysis technique. In addition, Figure 4.16 

showed that even the lowest performing alpha burst algorithms obtained a 

higher specificity value than that from the spectral analysis. The low 

specificity indicates that the spectral analysis may be incapable of accurately 

detecting the alpha burst pattern and thus predicting the onset of transition. 
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In this study, it was observed that the sensitivity value from both the alpha burst 

algorithm and spectral analysis were relatively low, and that this value was not higher 

than 0.85 even when the specificity value was below 0.8. This indicates that 

measurement of the alpha activity alone may not be sufficient to detect all driving 

error and 'micro-sleepiness ' events which is crucial in a drowsiness detection system. 

There are a number of methods for improving detection sensitivity. One method is to 

combine information from EEG analysis with other frequency bands as reported in 

(Lal, Craig, Boord, Kirkup and Nguyen, 2003; Eoh, Chung and Kim, 2005). 

Alternatively, a signal other than an EEG may be used as an additional source. In our 

previous papers (Zilberg et al. , 2007; Karrar, Zilberg, Xu, Burton and Lal, 2009b ), a 

hybrid drowsiness detection system (based on multiple indicators of drowsiness) was 

proposed based on using EEG and a movement sensor signal. The details of this 

hybrid system for detecting drowsiness will be reported in Chapter 5. 
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Chapter 5 

Role of non-intrusive body movement sensors in the detection of 
driver drowsiness 

5.1 Introduction 

In Chapter 3, a preliminary statistical analysis was conducted for the episodes of transition to 

drowsiness to assess the degree of association between the different body tnovement and 

physiological signals and driver drowsiness. The analysis highlighted the signals that 

presented the strongest associations with driver drowsiness according to the observer ratings. 

Chapter 4 then examined the associations between alpha activity in EEG signals and 

drowsiness. Statistical analysis was performed to verify that the associations established for 

the episodes of transition to drowsiness (representing a section of the entire data set) were 

still present when applied to the full data set. Once the associations were confirmed, an BEG-

based prototype of a drowsiness detection algorithm was described and its performance was 

evaluated. 

The major shortcoming of using EEG as a basis for drowsiness detection algorithms is that 

the acquisition of EEG signals is intrusive and requires a number of surface electrodes (or at 

least a single electrode) to be attached to the driver. As such, there has been significant 

research in the area of non-intrusive measurement techniques to supplement and/or replace 

EEG as indicators of fatigue. However, most of the research on combined algorithms is in 

the early stages and/or not enough information has been published on this subject (Hermann, 

2004). This chapter will attempt to explore the viability of using a non-intrusive tneasure 

(namely the body movement sensors) as an alternative choice for the basis of the drowsiness 

detection algorithm. From the preliminary statistical analysis carried out in Chapter 3, 

significant association between the reduction in the driver's body movements (as measured 

by the 10 sensors located in both the back and bottom sections of the driver's seat) and an 

increase in the driver drowsiness level was established. The next step was to test whether the 

same association still held true or diminished when applied to the movement sensor signals 

collected from the entire set of data (as was applied to the EEG signals in the previous 

222 



chapter). The associations will then be explored to determine if the body movement 

measurements will be sufficient to replace the EEG measurements, or if a hybrid system 

comprising of both movement as well as EEG measurements will be required. 

There were a second set of movement sensors as well as pressure sensors placed on the 

steering wheel used to detect the driver ' s hand movements and grip on the steering wheel. 

5.2 Measures of body movements and their relationships with drowsiness 

level 

As described in the Methods section (Chapter 2), a number of piezoelectric sensors were used 

to detect movements made by the driver (Chapter 2, section 2.2.2). These body movement 

sensors (10 in total) were mounted in two sections over the driver 's seat, that is, the bottom 

and back sections of the seat. The first 5 sensors (movement_sensor 1 - movement_sensor5) 

were mounted on the bottom section, while the last 5 sensors (movement_sensor6 -

movement _sensor10 ) were mounted on the back section of the seat. 

A simple method was employed (see section 5.5.4 for explanation of methods of seat signal 

processing) whereby the change in body movement was calculated as a measure of the 

current body movement in relation to an alert baseline measurement taken at the start of the 

drive (reference measurement). The premise of the drowsiness detection method based on 

the driver's body movements is that the greater the reduction in the current body movement 

readings in comparison to the initial reference reading, the greater the associations with 

drowsiness. Figure 5.1 and Figure 5.2 show two contrasting situations. In Figure 5.1, the 

change in driver body movement resembles the observer ratings of the drowsiness (Wierwille 

and Ellsworth, 1994) (described in Chapter 3, section 3.3 .2) to some extent. While in Figure 

5 .2, there is no clear association between the body movement and the observer-rated 

drowsiness level. From an initial visual inspection, the association that is evident from 

Figure 5.1 does not appear to have the same degree as does the association between the 

drowsiness rating and EEG alpha burst as was shown in Figure 4.1 (in Chapter 4). The 
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statistical analysis performed in this chapter will examine the strength of associations 

betw~~n driver body movement and drowsiness level. 
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Figure 5.1: Changes in the body movements reflect changes in observer-rated drowsiness 

levels 
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5.2.1 Objectives of the statistical analysis 

Similarly to the previous chapters, it is sensible to conduct statistical analysis to identify 

associations between the level of drowsiness and changes in the driver's body movements 

prior to the actual development of an algorithm of drowsiness detection based on these 

signals. The objective of the statistical analysis is to provide answers to the following 

questions: 

• Are there statistically significant associations between changes in the body movement 

signals and driver drowsiness across the complete data set (the entire driving period)? 

This association is broader and could be more difficult to establish than the 

associations found for the episodes of transition to drowsiness (small sections of the 

driving period) as investigated in Chapter 3. 

• If these associations are established, what are the signs (positive or negative) of the 

regression coefficients? In other words, does the data support the initial hypothesis 

that increase in drowsiness is associated with reductions in the body movements? 

• What are the comparative roles of individual sensors and, subsequently, what is the 

optimum combination of the minimum number of sensors with statistically significant 

regression coefficients? 

~ What are the overall measures of goodness of fit for the regression models that link 

driver drowsiness and body movement signals and how do they measure up to the 

results from the associations with the transition to drowsiness episodes only (Chapter 

3) and based on EEG signals only (Chapter 4)? 

• What is the role of likely correlation between observations for the same subject? 

• What is the effect of combining body movement signals with the EEG data (hybrid 

model) in comparison with using EEG alone and using the body movement signals 

alone? 

• For the hybrid model, is there evidence that supports our initial premises of using 

increases in the EEG alpha and reductions in the body movement signals as indicators 

of driver drowsiness? 

• What are the practical implications for the algorithm development in terms of 

optimum combinations of EEG and body movement signals and what are the most 

promising processing methods? 
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As in the previous chapters, statistical analysis will be conducted by means of fitting different 

linear regression models. 

5.3 Statistical Analysis of associations between video based drowsiness 

ratings and body movement sensor measurements 

The first objective was to investigate the associations between changes in the body movement 

signals and the driver drowsiness level. In Chapter 3, the aforementioned association was 

examined for the 'transition to drowsiness' periods only. These were the periods during 

which the drivers transitioned from an alert state to a state of drowsiness as identified by the 

observer ratings (refer to Chapter 3, section 3.3.2 for the complete criteria and definition of a 

transition period). In this chapter, the analysis will be applied to the complete driver 

movement data set. 

The regression model (equation 4.8, section 4.3.1, Chapter 4) that was used previously to 

explore the associations between the EEG signals and driver drowsiness was modified and 

expanded to predict driver drowsiness levels based on the body movement signals. The new 

regression model was thus defined as: 

Where" 

10 

Yi == {3 0 + L {Jj x movement_sensorji + Ei 
j=l 

5.1 

Yi -the drowsiness level for the observation i (either average or maximum 

drowsiness over a 30 second interval); 

/]0 - estimated average drowsiness level; 

/]j - estimated regression coefficient for the /h movement sensor (out of 1 0); 
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movement _sensorji - the measurement of /h movement sensor (out of 1 0) for the 

observation i; 

£i -the normally distributed, zero-mean, independent error for the 

observation i. 

j - 1 ... 1 0, the index indicating the movement sensor number 

In the new model (equation 5.1 ), all of the 1 0 driver body movement sensors located on the 

seat (movement _sensor1 - movement _sensor 10) were the independent variables (or co variates) 

that were used to predict the value of the dependent variable which was the observer 

drowsiness rating in this case. As applied to the EEG signals, two different drowsiness-rating 

measures were examined in this regression model: (i) the average drowsiness rating, and (ii) 

the maximum drowsiness rating. The average drowsiness rating denotes the average 

drowsiness value over 30 seconds, while the maximum drowsiness rating denotes the 

maximum drowsiness value over the 30 seconds. 

A nurnber of observations can be made from the results (Table 5.1) produced by fitting the 

regression model (equation 5.1) for both drowsiness ratings measures (average and maximum 

drowsiness ratings) . First, a pattern of negative association between the body movement 

signals and drowsiness level was observed; that is , as a driver 's drowsiness level increases, 

the rnagnitudes of the body movements decrease. For both average and maximum drowsiness 

ratings, an equal number of body movement sensors exhibited either a positive or a negative 

sign for the regression coefficients. However, the standardised regression coefficients of the 

rnost significant body movement sensors had values of -15 .01 and -15.88 as their t values for 

the average and maximum drowsiness ratings, respectively. The largest standardised positive 

coefficients had n1uch lower t values of7.92 and 6.16, respectively. Examining Table 5.1 

further, it is apparent that the majority of the statistically significant coefficients (those with 

p-values < 0.05) were negative. Moreover, the negative coefficients make a stronger 

contribution to the drowsiness level than do the positive coefficients as indicated by the t 

value. 

The second finding is that the R 2 value (which is an indicator of the contribution of the 

independent variables to the variations of the dependent variable (Nagelkerke, 1991 )) is 

around 0.05 for both the average and maximum drowsiness, which is considerably lower than 

the 0.272 previously achieved with the EEG. This could be partially explained by the 
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'noisier' nature of recording of the body movement signals compared to EEG. The R2 values 

produced by predicting the two different drowsiness-rating measures (average and maximum 

drowsiness) , indicated that the association of the body movement with the average 

drowsiness rating produced a slightly stronger association factor as denoted by the R2 value. 
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Table 5.1: Parameters of linear regression model for average and maximum drowsiness 

predicted from 10 body movement sensor signals located at the bottom and 

back section of the car seat 

Covariates Average Drowsiness Maximum Drowsiness 
Rz 0.051 0.048 

Regression 8.352 [5.032; 11.672] 11.673 [7.768; 15 .578] 
Movement Coeff. 

Sensor 1 t 4.93 5.86 
p-value < 0.001 < 0.001 
Regression 4.498 [ -1.539; 1 0.534] 5.444 [-1.686; 12.573] 

Movement Coeff. 
r:IJ Sensor 2 t 1.46 1.5 ;... 
0 0.144 0.134 r:IJ p-value = QJ Regression t'-l 

-13.07 [-16.442; -9.698] -16.772 [-20.744; -12.799] = Coeff. 0 Movement :c 
I;,J Sensor 3 t -7.6 -8 .28 QJ 
r:IJ 

e p-value < 0.001 < 0.001 
0 Regression ...... 

1.836 [-2.39; 6.061] 4.615 [-0.377; 9.606] ...... 
0 Coeff. ~ Movement 

Sensor 4 t 0.85 1.81 
p-value 0.394 0.07 
Regression -43.207 [ -48.85 ; -37.564] -54.021 [-60.691 ; -47.352] 

Movement Coeff. 

Sensor 5 t -15.01 -15.88 
p-value < 0.001 < 0.001 
Regression -3.492 [-7.686; 0.703] -4.328 [ -9.268; 0.61 2] Coeff. Movement _, 

Sensor 6 t -1.63 -1.72 
p-value 0.103 0.086 
Regression -1.56 [-5 .014; 1.895] -1.169 [-5.251 ; 2.912] 

Movement Coeff. 
riJ Sensor 7 t -0.89 -0.56 
""'" c p-value 0.376 0.574 riJ = ~ Regression riJ -12.944 [ -18.3 7 8; -7 .5 1] -10.711 [ -17.124; -4.298] = Movement Coeff. 
0 ... Sensor 8 t -4.67 -3.27 ...... 
~ 
~ p-value < 0.001 0.001 riJ 

...::.:: Regression ~ 13.141 [6.308; 19.974] 7.883 [ -0. 19 1 ; 15 . 9 58] ~ Coeff. ~ Movement 
Sensor 9 t 3.77 1.91 

p-value < 0.001 0.056 
Regression 15.899 [11.966; 19.832] 14.58 [9.939; 19.222] 

Movement Coeff. 

Sensor 10 t 7.92 6.16 
p-value < 0.001 < 0.001 

- - - l - -Key: Coeff- Coefficient, p - significance level, R - coefficient of determination, t- ratio 

of the regression coefficient to the standard error. 
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Since the movement sensors were mounted on two different sections of the seat (the back and 

bottom sections), as explained in section 5.2, various questions arise: Do the body movement 

measurements from the separate sections of the car seat contribute differently to the 

associations with drowsiness? If so, which section predicts the drowsiness level more 

accurately? To answer the question, regression equation 5.1 was modified as applied to the 

bottom seat section (equation 5.2) and again for the back seat section (equation 5.3) and the 

new equations were fitted with the signals from the bottom section and the back sections 

respectively. 

Where: 

Yi 

5 

Yi = Po + L Pj x movement_senSOT)i + Ei 
j=l 

5.2 

- the drowsiness level for the observation i (either average or maximum 

drowsiness over a 30 second interval); 

- estimated average drowsiness level; 

- estimated regression coefficient for the /h movement sensor (out of 5); 

movement_sensorji -the measurement of/h movement sensor (out of 5) for the 

observation i; 

j 

Where: 

j 

-the normally distributed, zero-mean, independent error for the 

observation i. 

- 1. .. 5, the index indicating the movement sensor number, these are the 

indices of the bottom section of the seat. 

10 

Y; = Po + L Pj x movement_sensor_;; + E; 

j=6 

5.3 

- 6 ... 1 0, the index indicating the movement sensor number, these are the 

indices of the back section of the seat. 
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Table 5.2 and Table 5.3 show the results of fitting regression models 5.2 and 5.3 respectively. 

Results from Table 5.2 verify the original hypothesis of the negative association between the 

body movements and drowsiness level. Similar to the results shown in Table 5.1 , the majority 

of the regression coefficients were negative as shown in Table 5 .2, while in Table 5 .3 , the 

reverse was observed where the majority of the coefficients were positive. In Table 5 .2, two 

of the three significant (p-value < 0.05) regression coefficients had negative t-values, while 

seat movement sensor 5 had the greatest t value of -15.27, thereby indicating that most of the 

significant measurements had a negative relationship with drowsiness levels. While in Table 

5.3 , two of the three significant regression coefficients had positive t-values, with seat 

movement sensor 10 having at-value of 8.44 indicating a positive association with 

drowsiness level, in contrast to the findings shown in Table 5 .2. 
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Table 5.2: Parameters of linear regression model for average and maximum drowsiness 

predicted from body movement sensor signals at the bottom section of the car 

seat 

Covariates Average Drowsiness Maximum Drowsiness 
R2 0.038 0.041 

Regression 5.065 [ 1.904; 8.225] 8.46 [4.75; 12.17] 
Movement Coeff. 
Sensor 1 t 3.14 4.47 

p-value 0.002 < 0.001 
Regression 1.709 [-4.112; 7.531] 1.929 [ -4.928; 8.787] 

Movement Coeff. 
Sensor 2 t 0.58 0.55 

p-value 0.565 0.581 
Regression -14.092 [-17.38;- -17.416 [-21.278;-

Movement Coeff. 10.804] 13.553] 
Sensor 3 t -8.4 -8.84 

p-value < 0.001 < 0.001 
Regression -1.412 [-5.351 ; 2.527] 0.696 [-3.941 ; 5.333] 

Movement Coeff. 
Sensor 4 t -0.7 0.29 

p-value 0.482 0.769 
Regression -43.927 [-49.565; - -54.669 [-61.313 ; -

Moven1ent Coeff. 38.289] 48 .024] 
Sensor 5 t -15 .27 -16.13 

p-value < 0.001 < 0.001 

Key: Coeff = Coefficient, p = significance level, R2 = coefficient of determination, t = ratio 

of the regression coefficient to the standard error. 
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Table 5.3: Parameters of linear regression model for average and maximum drowsiness 

predicted from body movement sensor signals at the back section of the car 

seat 

Covariates Average Drowsiness Maximum Drowsiness 
R2 0.018 0.009 

Regression 2.011 [-2.011; 6.033] 3.573 [-1.177; 8.324] 
Movement Coeff. 
Sensor 6 t 0.98 1.47 

p-value 0.327 0.14 
Regression -2.689 [-6.08; 0.702] -2.408 [ -6.425; 1.609] 

Movement Coeff. 
Sensor 7 t -1.55 -1.18 

p-value 0.12 0.24 
Regression -16.554 [ -21.549; - -13.995 [-19.906;-

Movement Coeff. 11.558] 8.084] 
Sensor 8 t -6.5 -4.64 

p-value < 0.001 < 0.001 
Regression 13.586 [6.848; 20.323] 8.881 [0.898; 16.865] 

Movement Coeff. 
Sensor 9 t 3.95 2.18 

p-value < 0.001 0.029 
Regression 16.736 [12.848; 20.623] 14.971 [10.371 ; 19.572] 

Movement Coeff. 
Sensor 10 t 8.44 6.38 

p-value < 0.001 < 0.001 

Key: Coeff = Coefficient, p = significance level, R2 = coefficient of determination, t =ratio 

of the regression coefficient to the standard error. 

The results in the two tables above were also compared on the basis of the other 1neasure of 

the goodness-of-fit parameter, R2
. A number of observations could be made: firstly, the 

bottom and the back section signals separately had lower R 2 values, indicating that the 

association with drowsiness is less than when movements from both of the sections were 

combined. The second finding is that the bottom section movement signals had a stronger 

association with drowsiness (as indicated by the R2 values) than the back section movement 

measurement. The greatest R2 value shown in Table 5.2 and Table 5.3 was for the regression 

model based on the movement sensors from the bottom section, which predicted maximum 

drowsiness (the R2 value was 0.041). This was less than the R2 obtained when using 
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measurements of the body movements from both sections of the car seat to predict average 

drowsiness (R2 value was 0.051). 

Having established that using both bottom and back sections in combination produced better 

outcomes than when the sections were considered separately, the next step was to find the 

parsimonious model that could predict the drowsiness measures. From the results of fitting 

the parsimonious model (Table 5.4), it can be seen that associations with the parameter 

'average drowsiness ratings', half of the regression coefficients had negative values, while 

the majority of the regression coefficients had negative values for the 'maximum drowsiness 

rating ' parameter. Nonetheless, in both cases (for average and maximum drowsiness ratings), 

the regression coefficient of the most significant movement sensor (as indicated by the t-

value) had a negative value. As expected, the parsimonious model produced only slightly 

lower R 2 values for both the average drowsiness and the maximum drowsiness factors as 

indicated in Table 5.4. The slight reduction in the R2 value could be attributed to the fact that 

the sensors were reduced from 10 to 5 for the average drowsiness and from 10 to 6 sensors 

for the maximum drowsiness. Thus, the elimination of measurements from the less 

significant sensors resulted in a reduction of only 0.001 and 0.002 in the R2 values for 

associations of the moven1ent measure with the average and maximum drowsiness ratings, 

respectively. 
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Table 5.4: Parameters of parsimonious linear regression models for average and 

maximum drowsiness predicted from body movement sensor signals 

Covariates Average Drowsiness Maximum Drowsiness 
Rz 0.05 0.046 

Regression 8.37 [5 .381; 11.359] 12.783 [9 .28; 16.285] 
Movement Coeff. 
Sensor 1 t 5.49 7.15 

p-value < 0.001 < 0.001 
~ Regression -12.29 [ -15 .529; -9 .052] -15.989 [-19.791;-,_ 
0 Movement Coeff. 12.187] ~ c 

-7.44 -8.24 QJ Sensor 3 t ~ 

c p-value < 0.001 < 0.001 -~ ... 
f;,J Regression -42.795 [-48.393;- -53 .537 [-60.153;-QJ 
~ 

E Movement Coeff. 37.198] 46.921] 
0 

Sensor 5 t -14.99 -15.86 ... ... 
0 
~ p-value < 0.001 < 0.001 

Regression -13.865 [-18.646; - -8 .391 [ -13 .289; -3.492] 
Movement Coeff. 9.085] 
Sensor 8 t -5.69 -3.36 

p-value < 0.001 0.001 
Regression 12.378 [6.119; 18.638] 

~ Movement Coeff. ... 
Q 

Sensor 9 3.88 ~ t c 
QJ 

< 0.001 ~ p-value c ·-~-----------.s Regression ... 14.834 [11.194; 18.474] 13 .551 [9.261 ; 17.841] f;,J Coeff. QJ Movement ~ 

~ Sensor 10 t 7.99 6.19 f;,J 
~ 

~ p-value < 0.001 < 0.001 

Key: Coeff = Coefficient, p = significance level, R 2 = coefficient of determination, t = ratio 

of the regression coefficient to the standard error. 

It was also prudent to examine the effect of taking into account the correlation between the 

observations for a given sensor from the same subject. 

The general model used in the correlation of the data was defined as: 
10 

Yi = {3 0 +I {31 x movement_sensor1i + Ei 
J=l 

5.4 
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Equation 5.4 is essentially the same as regression equation 5.1, and the regression coefficients 

(/30 .. . /3 10) are defined in the same way with the exception that the random normally 

distributed error E is now assigned an appropriate covariance structure depending on the level 

of correlation considered. 

The Generalised Estimating Equation (GEE) (see Chapter 3, section 3.5 (Liang and Zeger, 

1993)) was used to fit the regression equation 5.4 and the outcomes of this model are 

displayed in Table 5.5 for both the average and maximum drowsiness rating measures. It is 

evident that the number of negative regression coefficients increases from 5 to 8. However, 

the regression coefficients of the most significant movement sensor (as implied by the z 

value) were positive with z values of 3.28 each. The second most significant movement 

sensor had negative coefficients with z values of -2.29 and -2.03 for the average and 

maximum drowsiness measures, respectively. The t-tests and z-tests (which produce t-values 

and z-values respectively) are the same in that they both test the means of two samples and 

examine the similarities between the two samples. The t-values and z-values are similar on 

most occasions unless the sample size is small (Acock, 2008). In this study, the two values 

are used interchangeably as they are the results of slightly differently structured tests. 

Of the 10 movement sensors, only 2 sensors (movement sensor 7 and movement sensor 9) 

have positive regression coefficients. Movement sensor 9 has the largest regression 

coefficient; however, with the majority of the other regression coefficients being negative, the 

overall association of movement is likely to be negative with an increase in drowsiness level. 

From these correlation results, the number of the statistically significant body movement 

sensors becomes greatly reduced to only 2 sensors, namely body movement sensors 5 and 9, 

with each sensor having an opposite sign. 

The number of negative regression coefficients had an effect on both the z values and the 

overall values of the regression coefficients. The first effect was that the magnitude of the 

positive z value became greater than the magnitude of the negative z value, thereby indicating 

that positive z values had a greater impact in predicting the drowsiness measurement. The 

second effect was the reduction in the magnitude of the greatest significant negative 

coefficient (for movement sensor 5 from -43.207 to -24.647 for the average drowsiness 

parameter and -54.021 to -24.771 for the maximum drowsiness parameter), and increase in 
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the magnitude of the positive coefficient (for movement sensor 9 from 13.141 to 39.127 and 

from 7.883 to 48.435 for the average drowsiness and maximum drowsiness parameters, 

respectively). This could be attributed in part to the fact that having more negative 

coefficients contributes to the overall negative value, which in turn means that the magnitude 

of the original negative coefficient must be lower to accommodate the negative contribution. 

In contrast, the positive regression coefficient must increase in magnitude to compensate for 

the loss of the positive coefficients. 
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Table 5.5: Parameters of linear regression model for average and maximum drowsiness 

predicted from body movement sensor signals taking correlation into account 

Covariates Average Drowsiness Maximum Drowsiness 
Regression -4.587 [ -18.47; 9.295] -5.662 [-21.673; 10.348] 

Movement Coeff. 

Sensor 1 z -0.65 -0.69 
p-value 0.517 0.488 
Regression -8.431 [ -27 .166; 10.304] -10.252 [-30.427; 9.923] 

Movement Coeff. 

Sensor 2 z -0.88 -1 
p-value 0.378 0.319 
Regression -10.835 [ -24.29; 2.62] -14.454 [ -30.814; 1.907] 

Movement Coeff. 

Sensor 3 z -1.58 -1.73 
p-value 0.114 0.083 

~ Regression I. 
-1.22 [-13.977; 11.537] -0.331 [-13.996; 13.334] 0 

~ Coeff. = Movement CIJ -0.19 -0.05 ~ Sensor 4 z = 0 p-value 0.851 0.962 ·.c 
~ --
CIJ Regression -24.647 [-45.754; -3.54] -24.771 [ -48.674; -0.868] ~ 

e Movement Coeff. 
0 -2.29 -2.03 .... Sensor 5 z .... 
0 
~ p-value 0.022 0.042 

Regression -6.758 [ -19.847; 6.332] -12.81 [-27 .091; 1.471] 
Movement Coeff. 

Sensor 6 z -1.01 -1.76 
p-value 0.312 0.079 
Regression 1.15 7 [ -15.2 04; 1 7. 518] 2.476 [-14.651; 19.604] 

Movement Coeff. 

Sensor 7 z 0.14 0.28 
p-value 0.89 0.777 
Regression -4.358 [ -25.277; 16.561] -4.301 [-29.251 ; 20.65] 

Movement Coeff. 

Sensor 8 z -0.41 -0.34 
p-value 0.683 0.735 

~ 
Regression 39.127 [15.758; 62.496] 48.435 [19.486; 77.384] I. Coeff. 0 Movement 

~ 3.28 3.28 = Sensor 9 z 
CIJ 
~ 

0.001 0.001 = p-value 
.~ Regression .... -0.014 [-26.843; 26.814] -1.798 [ -32.3 79; 28. 782] ~ 

CIJ Coeff. ~ Movement 
.!i: Sensor 10 z 0 -0.12 ~ eo: --
~ p-value 0.999 0.908 

Key: Coeff =Coefficient, p = significance level, R2 =coefficient of determination, z= ratio 

of the regression coefficient to the standard error. 
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As presented in Table 5.6, the parsimonious model for the body movement sensors for 

predicting average drowsiness ratings requires movement measurements from only 3 sensors 

(movement sensor 3, movement sensor 5, movement sensor 9), while the parsimonious model 

for the maximum drowsiness requires measurements from 4 sensors (movement sensor 3, 

movement sensor 5, movement sensor 6, movement sensor 9). The pattern of the negative 

association reoccurs in this situation, where most of the body movement sensors have 

negative regression coefficients. Additionally, both the magnitude of the negative 

coefficients and the significance of the body movement magnitudes increase substantially, in 

contrast to the slight decrease in both the magnitude and significance of the positive 

coefficients. 

Table 5.6: 

Covariates 

Movement 
Sensor 3 

Movement 
Sensor 5 

Movement 
Sensor 6 

Movement 
Sensor 9 

Parameters of parsimonious linear regression model for average and maximum 

drowsiness predicted from body movement sensor signals taking correlation 

into account 

--
Average Drowsiness Maximum Drowsiness 

Regression -16.572 [ -28. 779; -4.365] -] 9.863 [·-34.867; -4.859] Coeff. 
z -2.660 -2.590 

-· 
p-value 0.008 0.009 
Regression -28.346 [ -48.432; -8.261] -25.908 [-47.816; -3.999] Coeff. 
z -2.770 -2.320 
p-value 0.006 0.020 
Regression -15.426 [-29.743; -1.108] Coeff. 
z -2.110 
p-value 0.035 
Regression 28.155 [7 .382; 48.927] 44.666 [16.045; 73.287] Coeff. 
z 2.660 3.060 
p-value 0.008 0.002 

Key: Coeff= Coefficient, p =significance level, R2 =coefficient of determination, z= ratio 

of the regression coefficient to the standard error. 
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The analysis performed in this section confirmed the original hypothesis regarding the 

negative association between the driver's body movements and drowsiness levels. The 

association was more apparent when the correlation between observations for the same driver 

was taken into account. The second conclusion was that body measurements from both the 

bottom and the back sections of the driver's seat work better in combination to predict 

drowsiness level. Furthermore, for the majority of the time during the drive, movement 

sensors 3 and 5 from the bottom section of the driver seat had a negative association, and 

conversely movement sensors 9 and 10 had a positive association with drowsiness level, 

suggesting that as dro\vsiness levels increase, movement in the bottom part of the seat 

decreases, while simultaneously, movement in the back section of the seat increases. 

Moreover, the bottom section is associated stronger to drowsiness than the back section. The 

most important finding was that the best possible strengths of association between the body 

movement sensors and the drowsiness level, was still much lower than that of the 

associations obtained for the EEG signals. 

The next step was to consider the potential advantages gained by combining the prediction 

abilities for drowsiness by using both the body movement sensor measurements and the EEG 

signals. The next section will investigate the possible benefits of this hybrid approach 

(combining the movement and EEG signals). 
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5.4 Statistical analysis of associations between video-based drowsiness 

ratings and a combination of body movements and EEG 

The results of statistical modelling conducted in the previous section indicated that the 

strongest association between the body movements and the drowsiness level was 

considerably lower than the associations achieved for EEG alpha patterns as predictors of 

drowsiness. When comparing the best goodness-of-fit (R2
) value calculated for the 

association of the body movements with drowsiness level (R2 = 0.051) against the value 

calculated for the association of the alpha burst EEG and drowsiness level (R2 = 0.272), it is 

clear that the EEG signals had stronger associations with drowsiness level. However, it is 

important to consider the question: could it be possible to achieve stronger associations by 

combining the EEG signals and the body movement measurements to predict the drowsiness 

level? 

As demonstrated in Chapter 4, there are two methods of EEG analysis that could be used: 

Spectral Analysis and Alpha Burst Analysis. Spectral analysis of the EEG signals used the 

changes in relative EEG power in the alpha band to predict drowsiness level, and it had the 

strongest association with R2 value of 0.181. The Alpha Burst analysis, on the other hand, 

used the relative duration patterns of alpha bursts and the properties of those alpha bursts to 

predict drowsiness levels . For each alpha burst that was detected, the following parameters 

were extracted: 

• number of waves; 

• average frequency of the waves; 

• duration of the alpha burst; 

• average amplitude of the alpha burst waves, 

• average amplitude of the alpha burst waves relative to the average EEG amplitude in 

the 2 seconds preceding the burst period. 

• similarity coefficient, which is a measurement of the degree of similarity between 

each of the individual alpha waves in the alpha burst. Some of the factors that are 

considered when evaluating this coefficient include individual amplitude variances 

and the individual wave duration variances within the burst. The coefficient value 
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ranges from 0.5 to 1.5, with higher values indicating a greater degree of similarity 

between the waves in the alpha burst. 

Various combinations of alpha burst parameters were evaluated and the best R2 value 

achieved was 0.272 with the combination including all of the alpha burst parameters. 

It was also concluded in Chapter 4 that an alpha burst detection-based algorithm produced a 

more robust drowsiness detection algorithm than the spectral analysis based algorithm. The 

addition of body movement measurements to the detection algorithm could increase the 

robustness of the algorithms. Further statistical analysis is necessary in order to establish 

association between driver drowsiness and a combination of EEG and body movement 

parameters. 

5.4.1 Outcomes of linear regression based on hybrid body movement sensor and EEG 

spectral analysis in predicting drowsiness 

In the previous chapter, it was observed that the best EEG spectral analysis had an association 

with drowsiness with a R2 value of0.181. It is hypothesised that, by adding measurements 

frorn body movement sensors to the EEG spectral signals, a stronger association can be 

achieved. Adding more signals to a model could improve the ability of the model to predict 

the outcome; however, the disadvantage of such an approach is that it adds complexity to the 

model. 

As before, a linear regression model was employed to investigate the correlation between the 

drowsiness level, and the combination of the driver body movement and the EEG variables 

extracted by the spectral analysis method. The EEG variables that were examined in the 

spectral analysis were the alpha band frequencies presented as percentage of the total signals 

in the scalp sites C4 (central) and 02 (occipital). For each of the two sites (C4 and 02), a 

total of 5 values was calculated. Below is a list of the 6 values for C4, and a similar list 

existed for 02 (refer to Chapter 4, section 4.3 .2 for a complete definition of the spectral 

analysis parameters): 

242 



• APSRref C4 = the average value of the alpha percentage in the first 15 minutes for the 

C4 site; 

• APSR C4 = average alpha percentage in the C4 site for a given 30-second interval; 

• APSRadjusted C4 = APSR C4 - APSRref C4 = average corrected alpha percentage in the 

C4 site for a given 30-second interval; 

• MPSRref C4 = the maximum value of the alpha percentage in the first 15 minutes for 

the C4 site; 

• MPSR C4 =maximum alpha percentage in the C4 site for a given 30-second interval; 

• MPSRadjusted C4 = MPSR C4 - MPSRref C4 = maximum corrected alpha percentage in 

the C4 site for a given 30-second interval; 

The regression model was fitted several times, each time varying the EEG input with one of 

the four values (APSR, MPSR, APSRadjusted, and MPSRadjusted) to predict either the average or 

the maximum drowsiness, with the results of the regression listed in Table 5.7. Similar to the 

previous results of the spectral analysis, the adjusted EEG column (i.e. when the reference 

signal is subtracted from the EEG values) always produced a better association than its 

counterpart, the unadjusted column, that is, APSRadjusted and MPSRadjusted values always had 

better prediction than did the APSR and MPSR respectively. Likewise, the covariates were 

better at predicting the average drowsiness than predicting the maximum drowsiness, and 

finally, combining the measuren1ents from C4 and 02 channels resulted in a better 

association than when the two channels were considered separately. The best R2 result 

achieved with the addition of the body movement signals was 0.214, which was an 

improvement over R2= 0.181 obtained when using EEG spectral analysis alone. 
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Table 5.7: R2 values for linear regression models for combinations of body movement 

sensors and different spectral EEG measures 

Average Drowsiness Maximum Drowsiness 
Covariates 

Unadjusted Adjusted Unadjusted Adjusted 
EEG EEG EEG EEG 

APSRC4 0.028 0.086 0.024 0.079 
Movement Sensors & APSR C4 0.080 0.123 0.072 0.115 
MPSRC4 0.061 0.132 0.057 0.125 
Movement Sensors & MPSR C4 0.116 0.166 0.106 0.158 
APSR02 0.055 0.103 0.041 0.094 
Movement Sensors & APSR 02 0.100 0.140 0.085 0.130 
MPSR02 0.116 0.167 0.103 0.163 
Movement Sensors & MPSR 02 0.159 0.203 0.144 0.196 
APSR (C4, 02) 0.055 0.118 0.042 0.101 
Movement Sensors & APSR 0.101 0.146 0.086 0.135 (C4, 02) 
MPSR (C4, 02) 0.110 0.181 0.105 0.175 
Movement Sensors & MPSR 0.162 0.214 0.147 0.206 (C4, 02) 

Key: APSR =averaged power spectrum ratio, C4 =Central EEG measurements, 

EEG =Electroencephalography, MPSR = maximum power spectrum ratio, 

02 = Occipital EEG measurements, bold denotes the strongest association. 

Table 5.8 shows a comparison between the regression coefficients for the hybrid regression 

models of the paratneters of the spectral analysis from the C4 and 02 EEG channels. 

Table 5.8 also includes a comparison between the adjusted (values evaluated by subtracting 

the reference alpha values from the current alpha values) and unadjusted (current alpha 

values without subtracting) EEG values. Similar to EEG spectral analysis in Chapter 4, 

section 4.3.2, both MPSRadjusted values of the EEG channels were significant and had a 

positive association with drowsiness. 

When measurements frotn the body movement sensors were used as the sole predictors of 

drowsiness, only 6 coefficients were found to be significant. However, in the case of the 

combined body movement sensors and EEG spectral analysis hybrid model, the number of 
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significant predictors increased to 10 variables consisting of the two EEG signals and 8 body 

movement sensors. Furthermore, all the significant coefficients had p-values of less than 

0.01 with 7 co variates having p-values of less than 0.001 indicating strong association. 

However, the parsimonious model that takes correlation into account had the adverse effect 

of eliminating the negative regression coefficients and the only contributing regression 

coefficient from the movement sensors was positive. 
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Table 5.8: Parameters of parsimonious linear regression model for average drowsiness 

predicted from a combination of the body movement sensor measurements and 

spectral EEG measures for cases when correlation between observations for the 

same subject is not taken into account and when correlation is taken into 

account 

Covariates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

R2 0.214 
Regression 1.121 [0.912; 1.331] 1.144 [0.336; 1.952] 

MPSRadjusted Coeff. 
C4 t 10.51 2.78 

p-value < 0.001 0.006 
Regression 2.003 [ 1.824; 2.183] 1.79 [1.233; 2.348] 

MPSRadjusted Coeff. 
02 t 21.87 6.29 

p-value < 0.001 < 0.001 
Regression 4.814 [1.883; 7.745] 

Movement Coeff. 
Sensor 1 t 3.22 

p-value 0.001 
Regression 8.527 [3.045; 14.008] 

Movement Coeff. 
--t-· 

Sensor 2 t 3.05 
p-value 0.002 
Regression -8.714 [-11.766; -5.662] 

Movement Coeff. 
Sensor 3 t -5.6 

p-value < 0.001 
Regression 5.227 [1.455; 9] 

Movement Coeff. 
Sensor 4 t 2.72 

p-value 0.007 
Regression -31.103 [ -36.249; -

Movement Coeff. 25.957] 
Sensor 5 t -11.85 

p-value < 0.001 
Regression -16.686 [-21.163;-

Movement Coeff. 12.209] 
Sensor 8 t -7.31 

p-value < 0.001 
Regression 14.132 [8.242; 20.022] 21.762 [2.16; 41.365] 

Movement Coeff. 
Sensor 9 t 4.7 2.18 

p-value < 0.001 0.03 
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Table 5.8 Continued 

Covariates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

Regression 15.245 [ 11.886; 18.605] 
Movement Coeff. 
Sensor 10 t 8.9 

p-value < 0.001 

Key: C4 = Central EEG measurements, Coeff = Coefficient, MPSR = maximum power 

spectrum ratio, 02 = Occipital EEG measurements, p = significance level, 

R2 = coefficient of determination, t =ratio of the regression coefficient to the standard 

error. 

5.4.1.1 Outcomes of linear regression of detection based the hybrid body movement and 

EEG alpha burst analysis with the minimum number of 4 alpha waves 

The second method of EEG analysis was the alpha burst detection (refer to Chapter 4) . In 

this method, when an isolated pattern of alpha waves is detected in the EEG ~ a MatLAB 

algorithm extracts various parameters associated with the wave burst. Alpha bursts 

comprising a rninimum of 4 waves will be used in the statistical analysis reported in this 

section. 

From the preliminary statistical analysis conducted in Chapter 3, it was evident that the two 

EEG brain sites that provided the most useful data were the central (C4) and the occipital 

(02) regions. This section will examine the contribution of these EEG sites along with the 

measurements from the body movement sensors in the prediction of drowsiness. First, the 

contributions of each site were examined individually, and subsequently they were examined 

in combination. Also, the different parameters derived from the alpha bursts were added to 

the statistical model to examine the extent of their contribution. The parameters that were 

included in the regression models are the same as the parameters used in the alpha burst 

analysis in Chapter 4. A quick overview of the parameters is given below: 

• burst_ duration: a measure of the duration of the alpha burst 
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• mean_ burst _yeaks _amplitude: is the average of the amplitudes of the individual 

waves in the alpha burst. 

• burst_ waves _similairty _coefficient: a similarity coefficient between the individual 

alpha waves in the burst. 

• relative_ burst _yeaks _amplitude: average amplitude of the alpha burst waves relative 

to the average amplitude of the alpha waves in the 2 seconds preceding the burst 

period 

• burst _smoothing_ coefficient: The contribution of background noise to the signal 

The number of possible combinations of the co variates used in the correlation model was 

248, with R2 values ranging from 0.107 to 0.308. The most relevant of these results will be 

discussed in this chapter. For each EEG site, the regression model was fitted twice, once 

with only the burst_ duration EEG parameter in combination with the body movement 

measurements, and secondly with all alpha burst parameters included. Table 5.9 shows the 

R2 values for the regression models used. 

Once again, the adjusted (the adjusted value is obtained by subtracting the reference alpha 

values from the current alpha values) column in Table 5.9 shows better results than those of 

the unadjusted (without subtraction) values, indicating that EEG alpha burst values predict 

drowsiness better when the EEG values are taken relative to the baseline EEG obtained in the 

first 15 minutes of the study. Also, the inclusion of all the variables obtained from the alpha 

bursts always produced stronger associations. When considering single EEG channels, it 

appears that 02 provided a better predictor of drowsiness and this could be explained by the 

fact that the alpha signals originate from the occipital region (Fisch, 1991 ). And finally, 

including signals from both EEG sites (C4 and 02) produced the strongest association. In 

fact, the R2 value that was obtained from combining the body n1ovements and the alpha 

bursts was the highest obtained of all permutations tested. 
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Table 5.9: R 2 values for linear regression models for combinations of body movement 

sensors and alpha burst measures with wave count set to 4 

Average Drowsiness Maximum Drowsiness 
Covariates Unadjusted Adjusted Unadjusted Adjusted 

time time time time 
C4 
(only burst duration 0.068 0.116 0.063 0.114 
parameter) 
Movement Sensors & C4 
(only burst duration 0.115 0.163 0.107 0.158 
parameter) 
C4 0.137 0.171 0.129 0.166 (with all burst parameters) 
Movement Sensors & C4 0.174 0.210 0.163 0.201 (with all burst parameters) 
02 
(only burst duration 0.168 0.179 0.158 0.171 
parameter) 
Movement Sensors & 02 
(only burst duration 0.214 0.227 0.200 0.215 
parameter) 
02 0.222 0.231 0.207 0.219 (with all burst parameters) 
Movement Sensors & 02 0.262 0.272 0.243 0.256 (with all burst parameters) -·- -----
(C4, 02) 
(only burst duration 0.173 0.202 0.162 0.195 
parameter) 
Movement Sensors & (C4, 
02) 0.219 0.248 0.204 0.236 (only burst duration 
parameter) 
(C4, 02) 0.252 0.272 0.237 0.260 (with all burst parameters) 
Movement Sensors & (C4, 
02) 0.288 0.308 0.268 0.292 
(with all burst parameters) 

Key: C4 = Central EEG measurements, 02 = Occipital EEG measurements, bold value = 

strongest association 

An examination of the p-values of the regression coefficients for the strongest association 

showed that the number of covariates could be reduced without greatly changing the R2 value 
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for the association. Table 5.10 shows parameters of the parsimonious model for the strongest 

association. While all the signals from the body movement sensors were relevant to the 

model, some of the burst parameters were not included; nevertheless, the R2 value for the 

overall model remained at 0.307 . The parsimonious model for the combination of 

movements measures and burst parameters when no correlation is considered had equal 

number of positive and negative regression coefficients for the seat measures. While the 

parsimonious model for when correlation was considered had a positive regression 

coefficient for the most significant body movement sensor indicated an increase in the body 

movement with an increase in drowsiness. However, the majority of the body movement 

regression coefficients (2 of 3 signals) had negative coefficients. 
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Table 5.10: Parameters of parsimonious linear regression model for average drowsiness 

predicted from a combination of the body movement sensor measurements and 

alpha burst measures for cases when correlation between observations for the 

same subject is not taken into account and when correlation is taken into 

account with wave count of at least 4 waves 

Co variates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

Rz 0.307 
Regression 0.041 [0.034; 0.049] 0.033 [0.00 1; 0.065] 

burst_ durationadjusted Coeff. 
C4 t 11.34 2.04 

p-value < 0.001 0.042 
Regression 0.071 [0.062; 0.079] 0.064 [0.051; 0.077] 

burst_ durationadjusted Coeff. 
02 t 16.79 9.63 

p-value < 0.001 < 0.001 
Regression -0.008 [ -0.01; -0.005] 

mean_ burst _peaks_ amplitude Coeff. 
C4 t -6.56 

p-value < 0.001 
Regression -0.008 [ -0.01; -0.005] 

mean_ burst _peaks_ amplitude Coeff. 
02 t -6.02 

p-value < 0.001 
Regression 0.714 [0.506; 0.922] 

burst_ waves_ similairty __ coefficient Coeff. 
C4 t 6.74 

p-value < 0.001 
Regression 1.823 [ 1.361; 2.286] 1.002 [0.528; 1.476] 

burst_ smoothing_ coefficient Coeff. 
02 t 7.73 4.14 

p-value < 0.001 < 0.001 
Regression 0.407 [0.338; 0.476] 0.279 [0.197; 0.36] 

relative_ b urst_peaks _amplitude Coeff. 
C4 t 11.54 6.7 

p-value < 0.001 < 0.001 
Regression 0.401 [0.338; 0.463] 0.226 [0.114; 0.339] 

relative_ burst _peaks_ amplitude Coeff. 
02 t 12.54 3.94 

p-value < 0.001 < 0.001 
Regression 4.74 [1.842; 7.638] Coeff. 

Movement Sensor 1 t 3.21 
p-value 0.001 
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Table 5.11 Continued 

Covariates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

Regression 6.671 [ 1.482; 11.86] Coeff. 
Movement Sensor 2 t 2.52 

p-value 0.012 
Regression -8.548 [ -11.452; -5.643] -11.005 [-21.975;-
Coeff. 0.035] 

Movement Sensor 3 t -5.77 -1.97 
p-value < 0.001 0.049 
Regression 8.346 [ 4. 703; 11.989] Coeff. 

Movement Sensor 4 t 4.49 
p-value < 0.001 
Regression -23.724 [ -28.646; - -20.049 [-39.259;-
Coeff. 18.802] 0.838] 

Movement Sensor 5 t -9.45 -2.05 
p-value < 0.001 0.041 
Regression -5.16 [-8.791; -1.529] Coeff. 

Movement Sensor 6 t -2.79 
p-value 0.005 
Regression -3.584 [ -6.589; -0.58] Coeff. 

Movement Sensor 7 t -2.34 
p-value 0.019 
Regression -15 .44 7 [-2 0.1 7 4; -
Coeff. 10.719] 

Movement Sensor 8 t -6.4 
p-value < 0.001 
Regression 23.343 [17.435; 29.251] 26.625 [7.623 ; 
Coeff. 45 .627] 

Movement Sensor 9 t 7.75 2.75 
p-value < 0.001 0.006 
Regression 20.567 [17.1 7; 23.964] Coeff. 

Movement Sensor 10 t 11.87 
p-value < 0.001 

Key: C4 = Central EEG measurements, Coeff = Coefficient, 02 = Occipital EEG 

measurements, p = significance level, R 2 = coefficient of determination, t = ratio of 

the regression coefficient to the standard error. 
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5.4.2 Outcomes of linear regression of detection based on the hybrid body movement 

and EEG alpha burst analysis with the minimum number of 6 alpha waves 

The analysis in this section was very similar to that of the previous section with the exception 

that the minimal wave count for the alpha bursts was 6 waves instead of 4; this meant that 

fewer alpha bursts were identified due to the stricter requirement of more consecutive alpha 

waves. The parameters fed into the statistical model were similar to those in the previous 

section. Once again, a total of 248 combinations were explored, and the R 2 values ranged 

from 0.097- 0.293. Similar to the results obtained with bursts of 4 or more waves, for single 

EEG channels, 02 gave a better R2 indicating a better fit than that obtained with C4. Also, 

the two channels produced a better R2 with 6 waves as shown in Table 5.11. 
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Table 5.11: R2 values for linear regression models for combinations of body movement 

sensors and alpha burst measures with wave count set to 6 

Average Drowsiness Maximum Drowsiness 
Covariates Unadjusted Adjusted Unadjusted Adjusted 

time time time time 
C4 
(only burst duration 0.059 0.087 0.055 0.084 
parameter) 
Movement Sensors & C4 
(only burst duration 0.105 0.135 0.097 0.128 
parameter) 
C4 0.138 0.156 0.130 0.148 (with all burst parameters) 
Movement Sensors & C4 0.177 0.196 0.166 0.184 (with all burst parameters) 
02 
(only burst duration 0.148 0.149 0.138 0.141 
parameter 
Movement Sensors & 02 
(only burst duration 0.195 0.198 0.181 0.186 
_parameter) 
02 0.209 0.211 0.196 0.200 (with all burst parameters) 
Movement Sensors & 02 0.248 0.251 0.232 0.236 
~it!!_all burs!_parameter~--
(C4, 02) 
(only burst duration 0.160 0.174 0.149 0.166 
parameter) 
Movement Sensors & (C4, 02) 
(only burst duration 0.206 0.221 0.191 0.209 
parameter) --
(C4, 02) 0.248 0.258 0.233 0.244 (with all burst parameters) 
Movement Sensors & (C4, 02) 0.282 0.292 0.264 0.275 (with all burst parameters) 

Key: C4 = Central EEG measurements, 02 = Occipital EEG measurements, bold value = 

strongest association 

Table 5.12 shows the results of the parsimonious model that were obtained fro1n fitting the 

significant variables that contributed to the regression model that gave the strongest 

association between drowsiness level and the other covariates. 
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Again, the associations between the alpha burst parameters and the drowsiness level was 

consistent with the associations reported in Chapter 4, with all the alpha burst parameters 

showing a positive association with drowsiness except for the mean_ burst _peaks_ amplitude 

parameter, which had a negative association with drowsiness. As was the case in Chapter 4, 

the burst _durationadjusted of the C4 channel was no longer significant. Unlike the 

parsimonious model in the previous section, this model did not include all the body 

movement sensors; however, similar to the previous parsimonious model, the sign of the 

magnitude for the most significant regression coefficient was positive. And again, 2 of the 3 

body movement sensors had regression coefficients that were negative, while the coefficient 

for the most significant body movement sensor was positive. In this instance, however, the 

difference in the significance level between the negative and positive coefficients was very 

small. In the parsi1nonious model that did not take correlation into account, 8 of the seat 

movement sensors were used (all 5 sensors from the bottom section of the seat and 3 sensors 

from the back section). Of the bottom section movement sensors 2 of the 3 most significant 

body movement sensors (t values < 0.001) had negative regression coefficients, the situation 

is reversed for the back section, where only 1 of the 3 body movement sensors was negative. 

In the parsimonious model where correlation was taken into account, on 3 movement sensors 

were significant, both of the 2 sensors with negative regression coefficients were from the 

bottom seats while the positive regression coefficient belonged to the back section. From this 

table it appears that as drowsiness ensues movements on the bottom section of the seat 

become less while movement on the back section increase. 
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Table 5.12: Parameters of parsimonious linear regression model for average drowsiness 

predicted from a combination of the body movement sensor measurements and 

alpha burst measures for cases when correlation between observations for the 

same subject is not taken into account and when correlation is taken into 

account with wave count of at least 6 waves 

Covariates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

R2 0.292 
Regression 0.041 [0.031; 0.05] 

burst_ duration adjusted Coeff. 
C4 t 8.23 

p-value < 0.001 
Regression 0.066 [0.056; 0.077] 0.064 [0.052; 0.075] 

burst_ durationadjusted Coeff. 
02 t 12.83 10.44 

p-value < 0.001 < 0.001 
Regression -0.014 [-0.016; -0.011] 

mean_ burst_peaks _amplitude Coeff. 
C4 t -9.65 

p-value < 0.001 
Regression -0.014 [-0.017; -0.01] -0.008 [-0.013;-

mean_ burst_peaks _amplitude Coeff. 0.004] 
02 t -7.31 -3.49 

p-value < 0.001 < 0.001 
Regression 0.873 [0.397; 1.35] 

burst_ waves_ similairty __ coefficient Coeff. 
C4 t 3.59 

p-value < 0.001 
Regression 1.013 [0.115; 1.911] 1.057 [0.577; 1.537] 

burst_ smoothing_ coefficient Coeff. 
C4 t 2.21 4.31 

p-value 0.027 < 0.001 
Regression 3.313 [2.577; 4.049] 2.818 [1.569; 4.066] 

burst_ smoothing_ coefficient Coeff. 
02 t 8.82 4.42 

p-value < 0.001 < 0.001 
Regression 0.509 [0.427; 0.591] 0.264 [0.116; 0.413] 

relative_ burst_peaks _amplitude Coeff. 
C4 t 12.2 3.5 

p-value < 0.001 < 0.001 
Regression 0.433 [0.349; 0.516] 0.239 [0.099; 0.3 79] 

relative_ burst _peaks_ amplitude Coeff. 
02 t 10.15 3.34 

p-value < 0.001 0.001 

256 



Table 5.13 Continued 

Covariates Average Drowsiness Average Drowsiness 
(Without correlation) (With correlation) 

Regression 3.585 [0.762; 6.407] Coeff. 
Movement Sensor 1 t 2.49 

p-value 0.013 
Regression 6.035 [0.816; 11.254] Coeff. 

Movement Sensor 2 t 2.27 
p-value 0.023 
Regression -8.873 [-11.781 ; - -11.707 [-22.716; -
Coeff. 5.965] 0.698] 

Movement Sensor 3 t -5.98 -2.08 
p-value < 0.001 0.037 
Regression 7.355 [3 .754; 10.956] Coeff. 

Movement Sensor 4 t 4 
p-value < 0.001 
Regression -26.695 [ -31 .616; - -23.059 [ -41.839; -
Coeff. 21.774] 4.278] 

Movement Sensor 5 t -10.63 -2.41 
p-value < 0.001 0.016 
Regression -17.661 [-21.996;-
Coeff. 13.326] 

Movement Sensor 8 
t -7.99 
p-value < 0.001 
Regression 17.497 [11.862; 24.782 [ 4.835 ; 
Coeff. 23.132] 44.728] 

Movement Sensor 9 t 6.09 2.44 
p-value < 0.001 0.015 
Regression 17.51 [14.307; 20.713] Coeff. 

Movement Sensor 10 t 10.72 
p-value < 0.001 

Key: C4 = Central EEG measurements, Coeff = Coefficient, 02 = Occipital EEG 

measurements, p = significance level, R 2 = coefficient of determination, t = ratio of 

the regression coefficient to the standard error. 
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5.4.3 Conclusion of the statistical analysis 

The statistical analysis helped to explore the associations between body movement and 

drowsiness. In the body movement analysis, it was evident that there was a reduction in 

movement as the drivers drifted into drowsiness, and this reduction was manifested in the 

sign of the regression coefficients. However, the association between body movements and 

drowsiness level was not as strong as between drowsiness and EEG alpha activity. 

The next analysis objective was to determine if the combining of body movement 

measurements with EEG signals would produce a stronger association with drowsiness than 

for EEG only. The R2 values obtained from the combination of body movement with the EEG 

spectral method and the combination of body movement with EEG alpha bursts (0.214 and 

0.308 respectively), were both better than the results produced when these were considered 

separately (0.182 and 0.272 respectively). The configuration that yielded the best result was 

the combination of the body movement with EEG alpha bursts with a minimum of 4 waves in 

each alpha burst. The result of this hybrid approach was an overall reduction in the body 

movement confirming the original hypothesis of the negative association between body 

movement and drowsiness. Once again, the association between drowsiness and the adjusted 

EEG signals (R2 = 0.308) was stronger than association with the unadjusted EEG signals ((R2 

= 0.288), indicating that as different subjects will exhibit different resting alpha activity, it is 

important to consider changes between the resting alpha activity and the current alpha 

activity. 
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5.5 Hybrid Automatic Detection Algorithm 

5.5.1 Introduction 

In section 5.3, statistical analysis was conducted to investigate associations between the 

drowsiness level and body movements recorded from the car seats. As these associations 

were found to be much weaker than those for the EEG signals as predicators of drowsiness, 

the movement measurements were combined with the EEG parameters and explored in 

section 5.4. Combining both measures produced better outcomes for predicting drowsiness 

than using either the EEG or the body movement data separately. 

In Chapter 4, the two drowsiness detection algorithms were developed. Both algorithms were 

based on the data produced by EEG signals. The first algorithm used spectral analysis to 

detect drowsiness while the other one relied on detection of the alpha burst patten1s as the 

main drowsiness indicator. The spectral algorithm analysed EEG in the frequency domain 

and quantified the EEG power into the different frequency ranges (delta, theta, alpha and 

beta), with the relative alpha power being considered as the measure of drowsiness . The 

alpha burst detection algorithm, on the other hand, first detected a cluster of alpha waves that 

con1prise an alpha burst, following this, various parameters related to the properties of the 

alpha burst were extracted (the alpha burst detection algorithm was discussed at length in 

Chapter 4). 

After using statistical analysis to determine that the combination of body movement signals 

with the EEG signals produced a stronger association (section 5.4), the algorithm developed 

in Chapter 4 was extended to include signals from the body movement sensors as additional 

input parameters to the alpha detection algorithn1. The reason for deriving this new hybrid 

algorithm was mainly to reduce the number of false positives, and consequently, to improve 

the specificity of the algorithm (i.e. to improve on the Area under the curve value of0.764 

obtained in the Chapter4). 

There are a number of situations where the hybrid algorithm could help increase the 

sensitivity of the previous algorithm. The first situation is illustrated in 
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Figure 5.3 where the alpha burst is detected from channel C4 data and there are no 

movements in the body movement channels. The second situation, as shown by 

Figure 5.4, is when the EEG channels detect alpha bursts but considerable movements in the 

body movement channels indicate that the driver may not be in the drowsy state. Finally, the 

third situation is when the alpha burst is not clearly manifested; then the change in the body 

movement is used to provide additional parameter for detection. 
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1139uV 

back1 
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~OmV 
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'\OmV 
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Figure 5.3: True positive drowsiness episode based on the EEG alpha burst algorithm. 

There is alpha burst in one of the EEG channels (C4) and minimal changes in 

the movement sensors on the back and bottom of the seat. 
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Figure 5.4: False positive based on the EEG alpha burst algorithm. The hybrid approach 

will help to improve the specificity of the algorithm. There are alpha bursts in 

data frmn both 02 and C4 EEG channels, but there is also much movement on 

the back and bottom seat sensors. 
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Figure 5.5: A small alpha burst episode is present in the C4 channel only (highlighted by 

the first grey bar). This would have been considered as a false negative based 

on the EEG alpha burst algorithm only. Whereas in the hybrid algorithm (EEG 

plus movement sensors) approach, this period would have been identified as a 

true positive (drowsiness) based on the reduction of activity shown in the 

movement sensors (highlighted by the second grey) 

Note: This figure is presented in 1 Osec/page for EEG and 30 sec/page for 

movetnent sensor to highlight the effect described. The two grey hars represent 

the same time periods in the data. 

5.5.2 Alpha Burst Detection 

The first step in the drowsiness detection algorithm was the detection of an alpha burst. The 

characterisation and detection of alpha bursts was explained in Chapter4, section 4.6.1. As 

was the case in Chapter 4, all the alpha bursts were detected and their bursts properties were 

extracted. 
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5.5.3 Body movement Detection 

During the exploratory phase in Chapter 3, it was shown that driver movement decreased 

during drowsiness transition periods (short episodes). The reduction in the movement pattern 

was further confirmed in this chapter, where the addition of the body movement sensors 

yielded better results statistically than did the results obtained by EEG alone by as much as 

0.05. With this improvement in predicting drowsiness, it is important to see whether the 

improvement would also be reflected in the proposed algorithm. The EEG-based detection 

algorithms developed in Chapter 4 were modified to include a parameter that represented the 

contribution of body movement. 

In total, 10 body movement sensors were embedded in the car seat: sensors 1-5 are located in 

the bottom section of the seat and sensors 6-10 are located in the upper section of the seat (the 

part where the driver's back is rested). Signals from all 10 body movetnent sensors were 

processed to produce a single body movement parameter, which was subsequently fed into 

the hybrid detection algorithm. 

5.5.4 Calculation of the Body movement Signal input parameter for the new hybrid 

model 

For each of the 10 body movement signals, a moving-window average peak-to-peak body 

movement value was calculated. The moving-window was of 5-second duration with 4-

second overlaps. The parameter movement_ amplitude was defined as the minimum value of 

the averaged peak-to-peak body movement values from the 10 seconds test segment. 

A reference body movement parameter (movement_ amplituderef) was calculated as the body 

movement amplitude 30 seconds prior to the detected drowsiness period as identified by the 

alpha burst detection. 

The test body movement amplitude (movement_ amplitudei) was the movement _amplitude at 

the test time point. The subscript indicates the time in 1 0-second intervals from the detected 

drowsiness period, for example movement_ amplitude 1 is the movement_ amplitude average 
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for the first 1 0 seconds from the start of the detected drowsiness period, and 

movement_ amplitude2 is the movement_ amplitude average between 10 second and 20 

seconds from the start of the detected drowsiness period. 

The next step was to compare the movement_amplitudei values to the movement_amplituderef 

reference value to determine the change in ratio; this was done for all the test points, after 

which the maximum of those points for each of the 1 0 body movement channel sensors was 

selected. The Test Body movement Increase Amplitude Ratio (TBIAR) was defined as: 

Where: 

movement_amplitudeji - movement_amplitude . f 
TBIAR .. = Jre 5.5 

Jl movement_amplitudeji 

TBIARji =the test body movement amplitude ratio of body movement channel} at 

test point i. 

= 1, 2 the test points at 10 and 20 second intervals. 

j = 1, 2 ... 10 is the body movement channel number 

The Maximum Body movement Increase Amplitude Ratio (MBIAR) was the maximum of 

the all the test points defined as : 

5.6 

Where: 

MBIARj =the Individual Body movement Increase Amplitude, which is a single 

ratio that represent the maximun1 of the whole test period for an 

individual body movement. 

TBIARji =the test body movement amplitude ratio of body movement channel} at 

test point i. 

1 = 1, 2 .. . 10 is the body movement channel number 

Then finally the n1aximum of the all the body movement MBIAR values was calculated 

(MMBIAR). 
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MMBIAR ==max (MBIAR 1,MBIAR2 , ... , MBIAR 10 ) 5.7 

MMBIAR was the body movement parameter that was used in the algorithm. 

There was a second ratio that was calculated which measured the drop in the 

movement _amplitudei compared to the movement_ amplituderef· The ratio was thus defined 

as: 

Where: 

movement amplitude1·ref - movement_amplitude .. 
- jl 

TBDAR1i== --------------------------------------~
movement_ amplitudeJref 

5.8 

TBDAR1i =the Test Body movement Decrease Amplitude ratio of body 1novement 

channel} at test point i. 

= 1, 2 the test points at 10 and 20 second intervals. 

j = 1, 2 ... 10 is the body movement channel number 

And the Maximum Body movement Decrease Am.plitude Ratio (MBDAR) was defined as: 

Where: 

5.9 

MBDARj = the Individual Body movement Decrease Amplitude, which is a single 

ratio that represent the maximum of the whole test period for an 

individual body movement. 

TBDARji =the test body movement decrease amplitude ratio of body movement 

channel} at test point i. 

= 1, 2 the test points at 10 and 20 second intervals. 

j = 1, 2 ... 10 is the body movement channel number 

And the MMBDAR was thus defined as: 

MMBDAR ==max (MBDAR 1,MBDAR2, ... ,MBDAR10 ) 5.10 
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Where: 

MMBDAR = the maximum of MBDAR from the 10 seat movement sensors. 

MBDAR = the Maximum Body movement Decrease Amplitude Ratio. 

5.5.5 Threshold for the body movement signal parameters 

The hypothesis for the inclusion of the body movement data was that the magnitude of the 

movements of the driver decrease during drowsiness. Therefore, there is a threshold from the 

maximum body movement a11owed, above which the driver is no longer considered as being 

drowsy. The Maximum body movement threshold is the number against which the MMBIAR 

is measured in order to confirm that drowsiness state of the individual (refer to the next 

section (5.5.6) for a more detailed explanation of the algorithm). 

For periods where an alpha burst does not quite pass the duration threshold (described earlier 

in Chapter 3), then a second threshold (minimum body movement threshold) is used to 

support the detection of the alpha bursts. The maximum decrease in the body movement 

change as indicated by MMBDAR must be above minimum body movement threshold for the 

driver to be considered to be in the drowsiness state. Alpha bursts with different lengths had 

different threshold values because the lengths of the bursts were closely related to the 

drowsiness factor, and thus, a lower threshold was sufficient. 

5.5.6 Definition of the Algorithm 

As mentioned earlier, two algorithms were developed in Chapter 4. One algorithm used 

power spectral analysis and the other used alpha burst detection. Of the two algorithms, the 

alpha burst algorithm had the better sensitivity/specificity results; therefore, only the alpha 

bursts detection algorithm was modified to include the addition of the body movement 

sensors to the detection algorithm. The hybrid model is an improvement on the 'EEG only' 

algorithm in two ways. First, it confirms the status of the true positives and second, it 

minimises the number of false negatives. In confirming true positives, the hybrid detection 
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algorithm uses alpha burst detection to detect the transition to drowsiness. Once the 

transition period had been detected, the result from the body movement condition test 

MMBIAR was compared to the maximum body movement threshold to determine if there were 

in fact body movements below the threshold. If the movement changes were above the 

maximum body movement threshold, then the period would no longer be classified as a 

drowsiness period. In the second case of minimising the number of false negatives, a 

situation may exist where a transition period was not detected because adjusted alpha 

duration (that was explained in Chapter 4, section 4.2.2.1) did not quite pass the threshold 

required but was more than 7'3 of the threshold value; then the MMBDAR was compared to a 

more stringent threshold value, the minimum body movement threshold. If the MMBDAR was 

more than the minimum body movement threshold, then the drowsiness transition period is 

recognised and it becomes a true positive; otherwise, the period is not detected. 
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5.6 Performance evaluation of the hybrid algorithm 

The main objective of the detection algorithm was to detect the transition from an alert to 

drowsiness state for an individual driver. The process that measured the effectiveness of the 

hybrid algorithms had three stages. 

1. The algorithm was tested against the observer ratings of the video. A MatLAB 

program was run for all observer ratings for all the subjects (similar to that described 

in Chapters 3 and 4) and the drowsiness transition periods were identified. 

2. The hybrid algorithm was then executed using the EEG signals from C4 and 02 as 

well as the signals from the body movement sensors. 

3. Transition episodes (or events) from step 2 were then compared to the events resulting 

from step 1. Four variables were derived directly from the comparison of the two 

event lists : 

• True Positive: If an event from step 2 coincided with an event from step 1, 

then a True Positive was recorded. 

• False Positive: If an event from step 2 did not appear in the events list of step 

1, then a False Positive was recorded. 

• False Negative: If an event from step 1 did not appear in the events list of step 

2, then a True Negative was recorded; and finally 

• True Negative: Recorded all other times. 

Using sensitivity and specificity it is possible to determine the success of an algorithm. The 

new alpha burst hybrid algorithm was run a number of times, each time with a variation of 

input parameter values and the results were tabulated. The input parameters were changed 

according to the following values: 

• burst min waves count =number of waves = 3, 4, 5, and 6. 

• burst _smoothing_ coefficient = smoothing variance = on and off 

• relative_ burst _peaks_ amplitude = relative amplitude = on and off 

• burst_ waves _similairty _coefficient = similarity coefficient= on and off 

Once the results of the new hybrid algorithm were obtained, they were compared to the 

results obtained earlier from the EEG-only algorithms to determine the degree of 

improvement. 
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The resultant sensitivities and specificities that were calculated for the algorithm with the 

different parameters were then displayed in a graphical form to visually compare the effect of 

adding the EEG and movement measures together in the algorithm (Figure 5.7-Figure 5.11). 

In Figure 5.7 the effect of changing the number of minimum wave count was examined. In 

Figure 5.8-Figure 5.11 , the number of consecutive alpha waves was kept constant at 4 and the 

effects of adding one variable to the hybrid algorithm at a time was plotted, these variables 

being: 

• the burst _smoothing_ coefficient 

• the burst_ waves _similairty _coefficient 

• the relative_ burst _peaks_ amplitude. 

5.6.1 Hybrid versus 'EEG only' algorithm 

Figure 5.6 compares the best ROC curves produced by the hybrid and EEG-only algorithms. 

The area under the curve is used to measure the extent of visual inspection of the graph and 

confirms that the hybrid algorithm offers a better result in terms of sensitivity/specificity than 

the algorithm based on EEG only. The difference becomes more prominent once a smaller 

region of the plot is examined such as in Figure 5.6b ). The difference in the best values of 

the two algorithms can also be calculated by subtracting AUC values for each algorithm. As 

shown in Table 5.13, subtracting rank 15 (EEG only) from rank 1 (Hybrid algorithm) yields a 

difference of0.019. 
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Figure 5.6: ROC from Hybrid EEG-Body movement vs. EEG-Only, (b) is a magnified 

section of the ROC curve in (a). 
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5.6.2 Number of Waves (burst_min_waves_count): 

The first figure (Figure 5. 7) shows the effect of varying the number of alpha waves parameter 

on the efficiency of the hybrid algorithm. From Figure 5.7 it is can be seen that when all the 

variables are kept the same and only the wave count is varied, the number of minimal waves 

that produced the optimal result was when the wave count was 4 and the results worsened 

when the minimal wave count was 6. The power spectral information was included in the 

graph (Figure 5. 7) for reference. 
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Figure 5. 7: The effect of varying the number of waves on the ROC curve. 
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5.6.3 Effect of burst period variance (burst_ waves_similairty _coefficient) 

The period factor (burst_ waves _similairty _coefficient) also had minimal impact, but the 

effect was more pronounced than in the EEG only algorithm that was discussed in the 

previous chapter (see Chapter 4). On examining the specificity around 96o/o-98o/o, it becomes 

clear that adding the duration variance increases the sensitivity of the algorithm. The AUC 

values for the two ROC curves in Table 5.13 show that Rank 11 for the ROC with duration 

factor and Rank 21 for the ROC without the duration factor yield a difference of 0.006. 
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Figure 5.8: The effect of including the duration factor on the ROC curve. (a) is the entire 

ROC curve, (b) is a magnified section of the ROC curve in (a). 
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5.6.4 Effect of burst pattern smoothing index (burst_ smoothing_ coefficient) 

The effect of the burst_smoothing_coefficient was more evident as can be seen from Figure 

5.9. The addition of the smoothing factor to the input parameters of the algorithm had a 

noticeable improvement, even before zooming into the 96%-98o/o specificity range. The AUC 

values for two ROC curves in Table 5.13, indicate that Rank 17 for the ROC with duration 

factor and Rank 21 for the ROC without the duration factor yield a difference of 0.00 1. 
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Figure 5.9: The effect of including the smoothing factor on the ROC curve. Section 

highlighted in (a) is magnified in (b) 
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5.6.5 Effect of Burst Pattern Amplitude Index (relative_burst_peaks_amplitude) 

The effect of relative_ burst _peaks_ amplitude was more evident as can be seen from Figure 

5.1 0. The addition of the amplitude index to the input parameters of the algorithm produced 

a noticeable improvement, even before zooming into the 96o/o-98% specificity range. The 

AUC values for two ROC curves in Table 5.13 , indicate that Rank 12 for the ROC with 

duration factor and Rank 21 for the ROC without the duration factor yield a difference of 

0.006. 
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Figure 5.10: The effect of including the amplitude factor on the ROC curve. Section 
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5.6.6 Effect of including EEG alpha burst parameters 

Figure 5.11 compares the results of adding all the alpha burst parameters to the hybrid 

algorithm. The 5 possibilities were plotted: (i) no parameters, (ii) with 

relative_ burst _peaks_ amplitude, (iii) with burst _smoothing_ coefficient, (iv) with 

burst_ waves _similairty _coefficient, and (v) finally with all 3 variables. 
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Figure 5.11a initially indicates that all the ROC curves lie within the same range. However, 

on closer inspection of the 96-98o/o range, the results become clearer (Figure 5.11 b). The 

curves are still closely superimposed, but careful inspection reveals that the duration factor 

ROC curve had the better sensitivity for the given range. 

Receiver Operator Characteristic (ROC) graphs are useful for quantifying the accuracy of the 

algorithms (Fawcett, 2006) and this is achieved by calculating the area under the curve 

(AUC is the area of the space between the horizontal axis and the graph). The ideal 

algorithm that predicts all true positives and has no false positives will have an area of 1, so 

an algorithm that comes closest to unity will be the optimal algorithm. The AUC was 

calculated for all the permutations that were used in the hybrid algorithm, and the AUC was 

also calculated for the earlier algorithms that used only EEG for detection. The results for all 

the AUC were tabulated and the top 25 algorithms were displayed in Table 5.13. The 

criterion used to rank the algorithms was the value of the AUC: the higher the value, the 

higher the rank. The top 14 values shown in Table 5.13 were based on different permutations 

of the hybrid algorithm. The highest EEG-only based algorithm was the version of the alpha 

burst algorithm, which peaked at rank 15 with an AUC value of 0. 76, while the spectral based 

algorithm was ranked at 49. 

Table 5.14 shows the comparisons between the hybrid algorithm (EEG plus Body n1ovement) 

and the EEG only algorithn1. The difference was the result from subtracting the Area under 

the curve of the ROC graph for the EEG-only algorithm from the hybrid model. In the 

majority of the case the hybrid model produced better prediction than the EEG-only 

algorithm. The last column shows the rank according to the difference between the two 

algorithms. The biggest improvement of the hybrid algorithm over the EEG-only algorithm 

was around 0.023, and included the parameters of 3 wave counts and the amplitude variance 

parameter. The combination that ranked the first according the AUC (from Table 5.13) also 

had a wave count of 3 with the smoothing index activated instead of the amplitude variance 

parameter. This particular combination ranked 5th in Table 5.14 with a difference value of 

0.020 between the hybrid and the EEG-only algorithms. 
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Table 5.13: The ranking of the detection algorithms based on the Area Under the Curve 

value 

Rank algorithm waves sm amp dur AUC Sensitivity Sensitivity Sensitivity 
(jiJ 99°/o (jiJ 98°/o (jiJ 95°/o 

1 Hybrid 3 on off off 0.783 0.600 0.661 0.759 
2 Hybrid 3 on on off 0.782 0.602 0.652 0.749 
3 Hybrid 3 on off on 0.779 0.586 0.640 0.749 
4 Hybrid 3 on on on 0.777 0.578 0.652 0.754 
5 Hybrid 3 off off on 0.772 0.553 0.623 0.730 
6 Hybrid 4 off on on 0.771 0.595 0.681 0.750 
7 Hybrid 3 off on off 0.771 0.572 0.630 0.731 
8 Hybrid 3 off on on 0.770 0.550 0.616 0.727 
9 Hybrid 4 on on off 0.768 0.596 0.688 0.751 

r----- ,--------r-------------
10 Hybrid 4 on off on 0.768 0.599 0.686 0.751 
11 Hybrid 4 on off off 0.768 0.600 0.683 0.751 
12 Hybrid 4 off on off 0.768 0.594 0.691 0.745 
13 Hybrid 3 off off off 0.767 0.564 0.642 0.751 
14 Hybrid 4 on on on 0.766 0.600 0.679 0.744 
15 EEGOnly 4 on off on 0.764 0.599 0.678 0.744 
16 EEGOnly 4 on off off 0.763 0.601 0.680 0.742 
17 Hybrid 4 off off on 0.763 0.589 0.684 0.731 
18 EEGOnly 4 on on on 0.763 0.599 0.672 0.745 
19 EEGOnly 3 on off off 0.763 0.590 0.640 0.733 -- f------
20 EEGOnly 4 on on off 0.763 0.599 0.674 0.741 
21 Hybrid 4 off off off 0.762 0.585 0.684 0.745 
22 EEGOnly 3 on ofT on 0.762 0.590 0.638 0.745 
23 EEGOnly 4 off on off 0.762 0.609 0.652 0.728 
24 EEGOnly 4 off on on 0.762 0.609 0.652 0.728 
25 EEGOnly 3 on on off 0.761 0.581 0.638 0.724 
26 EEGOnly 3 on on on 0.760 0.581 0.642 0.729 
27 EEGOnly 4 off off off 0.758 0.599 0.670 0.746 
28 EEGOnly 4 off off on 0.758 0.599 0.670 0.746 
29 EEGOnly 3 off off off 0.750 0.552 0.624 0.723 
30 EEGOnly 3 off off on 0.750 0.552 0.624 0.723 
31 Hybrid 5 on on off 0.750 0.573 0.670 0.723 
32 Hybrid 5 on on on 0.749 0.568 0.672 0.719 
33 EEGOnly 3 off on off 0.748 0.554 0.631 0.723 
34 EEGOnly 3 off on on 0.748 0.554 0.631 0.723 
35 EEGOnly 5 on on on 0.747 0.560 0.640 0.725 
36 EEGOnly 5 on on off 0.746 0.554 0.644 0.712 
37 Hybrid 5 on off off 0.745 0.579 0.659 0.714 
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Table 5.14 Continued 

Rank algorithm waves sm amp dur AUC Sensitivity Sensitivity Sensitivity 
@ 99°/o @ 98°/o @ 95°/o 

38 Hybrid 5 on off on 0.745 0.585 0.654 0.721 
39 Hybrid 5 off off on 0.743 0.567 0.659 0.714 
40 Hybrid 5 off on on 0.743 0.567 0.661 0.709 
41 EEGOnly 5 on off off 0.742 0.548 0.638 0.709 
42 EEGOnly 5 on off on 0.741 0.552 0.642 0.720 
43 Hybrid 5 off on off 0.740 0.573 0.656 0.714 
44 Hybrid 5 off off off 0.737 0.564 0.646 0.716 
45 EEGOnly 5 off on off 0.730 0.545 0.636 0.705 
46 EEGOnly 5 off on on 0.730 0.545 0.636 0.705 
47 EEGOnly 5 off off off 0.727 0.530 0.622 0.704 
48 EEGOnly 5 off off on 0.727 0.530 0.622 0.704 
49 Spectral 0.719 0.083 0.549 0.720 
50 EEGOnly 6 on on on 0.664 0.506 0.574 0.654 
51 EEGOnly 6 on off on 0.660 0.5 12 0.568 0.647 
52 Hybrid 6 on off off 0.658 0.488 0.576 0.663 
53 Hybrid 6 on on off 0.658 0.478 0.576 0.660 
54 EEGOnly 6 on off off 0.657 0.515 0.571 0.647 
55 Hybrid 6 on off on 0.657 0.466 0.576 0.638 
56 Hybrid 6 on on on 0.656 0.466 0.574 0.642 
57 EEGOnly 6 on on off 0.656 0.481 0.571 0.651 
58 Hybrid 6 off off off 0.651 0.479 0.563 0.651 
59 Hybrid 6 off on on 0.649 0.472 0.565 0.647 
60 Hybrid 6 off on off 0.648 0.476 0.565 0.661 
61 Hybrid 6 off off on 0.646 0.470 0.559 0.651 
62 EEGOnly 6 off on off 0.640 0.453 0.553 0.636 
63 EEGOnly 6 off off on 0.640 0.485 0.542 0.625 
64 EEGOnly 6 off off off 0.634 0.485 0.542 0.625 
65 EEGOnly 6 off off on 0.634 0.453 0.553 0.636 

Key: amp =relative_ burst _yeaks _amplitude, AUC =Area under the curve of the ROC 

graph, dur = burst_waves_similairty_coefficient, EEG= electroencephalography, 

sm = burst_smoothing_coejficient, Spec= Specificity, 

waves = burst_ min_ waves_ count, bold denotes the first entry for the various methods 

(Hybrid, EEGOnly and spectral). 
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Table 5.14: Comparing performance between Hybrid and EEG-Only Algorithms and 

ranking based on the difference between the Hybrid and EEG-Only algorithms 

dur 
Hybrid EEGOnly 

Difference Rank waves sm amp 
Spec Sen AUC Spec Sen AUC 

3 off off off 0.950 0.751 0.767 0.957 0.725 0.750 0.018 6 
3 off off on 0.954 0.755 0.771 0.955 0.718 0.748 0.023 1 
3 off on off 0.955 0.747 0.772 0.957 0.725 0.750 0.022 3 
3 off on on 0.953 0.749 0.770 0.955 0.7 18 0.748 0.022 2 
3 on off off 0.954 0.758 0.783 0.951 0.737 0.763 0.020 5 
3 on off on 0.952 0.765 0.782 0.952 0.742 0.761 0.021 4 
3 on on off 0.954 0.764 0.779 0.954 0.742 0.762 0.016 9 
3 on on on 0.951 0.753 0.777 0.953 0.733 0.760 0.017 7 
4 off off off 0.953 0.739 0.762 0.953 0.746 0.758 0.005 22 
4 off off on 0.951 0.750 0.768 0.951 0.751 0.762 0.006 18 
4 off on off 0.955 0.742 0.763 0.953 0.746 0.758 0.005 20 
4 off on on 0.952 0.760 0.771 0.951 0.751 0.762 0.009 15 
4 on off off 0.954 0.750 0.768 0.951 0.749 0.763 0.005 21 
4 on off on 0.951 0.757 0.768 0.955 0.742 0.763 0.006 19 
4 on on off 0.952 0.757 0.768 0.951 0.758 0.764 0.004 23 
4 on on on 0.951 0.751 0.766 0.954 0.745 0.763 0.003 26 
5 off off off 0.955 0.716 0.737 0.952 0.705 0.727 0.010 13 
5 off off on 0.965 0.706 0.740 0.958 0.702 0.730 0.010 14 
5 off on off 0.962 0.711 0.743 0.952 0.705 0.727 0.016 10 -- ----
5 off on on 0.968 0.705 0.743 0.958 0.702 0.730 0.013 11 
5 on off off 0.959 0.718 0.745 0.958 0.716 0.742 0.003 27 

r--
5 on off on 0_963 0.722 0.750 0.953 0.723 0.746 0.004 25 
5 on on off 0.964 0.718 0.745 0.959 0.714 0.741 0.004 24 
5 on on on 0.965 0.728 0.749 0.957 0.723 0.747 0.003 28 
6 off off off 0.952 0.661 0.651 0.955 0.625 0.634 0.017 8 
6 off off on 0.952 0.661 0.648 0.955 0.632 0.640 0_008 17 
6 off on off 0.954 0.654 0.646 0.955 0.625 0.634 0.012 12 
6 off on on 0.954 0.654 0.649 0.955 0.632 0.640 0.009 16 
6 on off off 0.955 0.665 0.658 0.954 0.651 0.657 0.001 30 
6 on off on 0.955 0.665 0.658 0.951 0.661 0.656 0.002 29 
6 on on off 0.962 0.642 0.657 0.951 0_652 0.660 -0.003 31 
6 on on on 0.952 0.658 0.656 0.956 0.654 0.664 -0.007 32 
PS 0.951 0.720 0.719 

Key: amp= relative_burst_yeaks_amplitude, AUC =Area under the curve of the ROC 

graph, dur = burst_ waves _similairty _coefficient, EEG= electroencephalography, 

Sen= Sensitivity, sm = burst_smoothing_coefficient, Spec= Specificity, 

waves =burst_ min_ waves_ count, bold denotes the entry with rank 1. 
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5. 7 Discussion and conclusion 

This chapter addressed part of Aim 5 where hybrid parameter based fatigue detection 

algorithm was proposed. 

In this section, body movements during driving were examined to determine if measurements 

of body movements could be considered as factors for predicting driver drowsiness. Earlier 

in Chapter 3, during the preliminary exploration phase, body movements were examined both 

on their own and as a part of a larger group of variables. In those examinations, a pattern of 

body movements emerged and it appeared that during the transition to drowsiness episodes, 

the movements of the driver decreased in magnitude, indicating a possible period of a relaxed 

state. The limitation of the preliminary phase was that only small segments of the entire data 

collected during the driving task were considered, and these segments were periods during 

which the driver seemed to make a transition from an alert to a drowsiness state. 

This chapter examined body movement data collected by body movement sensors placed on 

the back and bottom sections of the driver's seat during the entire drive period for each 

driver. The pattern of reduced body move1nents observed in the preliminary stage held true 

for the entire study duration. This was a recurring pattern in this chapter; as was evident by 

the fact that majority of the regression coefficients for the body movement sensors had a 

negative association with the level of drowsiness . These findings are consistent with results 

obtained in an earlier study by Furugori et. al (Furugori, Yoshizawa, !name and Miura, 2003). 

In the Furugori study the authors had used a different movement sensor setup to measure 

fatigue than this study. To measure changes in body movements and pressure distribution 

they used a continuous sheet of film in the bottom section and another sheet of film in the 

back section of the seat. It was observed that at the start of the drive, the pressure was 

decentralized and distributed to the entire area of the back section, however, with time (as 

early as 45 minutes into the drive) the pressure started to concentrate to a single point on the 

back section, and then gradually the area of concentration increased slightly. It was also 

observed that the rnost significant changes occurred in the lower back section of the seat. 

However, it was also evident earlier in this chapter that the body movement sensors on their 

own did not provide a good indicator for driver fatigue. Once all the different combinations 
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of the body movement sensors were exhausted, the next step was to combine other signals 

collected during the driver simulator study to increase the R 2 value, which was the statistical 

indicator of the strength of associations with drowsiness levels. The signals chosen for 

inclusion in the new regression model were EEG signals collected from the central and 

occipital regions of the brain. The new R2 value that was arrived at after the addition of EEG 

was significantly higher than the original R2
• 

After performing the statistical analysis for confirming the negative association, the EEG 

alpha burst algorithm proposed in Chapter 4 was further modified to reflect the new 

additional body movement parameter. The new hybrid approach increased both the 

sensitivity and the specificity of the algorithm. The inclusion of the seat movement parameter 

provided a means for validating drowsiness results based on the EEG algorithm (Karrar et al., 

2009b ). Similar to the conclusions reached in the previous chapter with the 'EEG-only' 

algorithm, a number of findings were tnade: 

The two most important alpha burst parameters were still the 'number of waves' in the alpha 

burst and the 'smoothing of the slope' (represented as burst_smoothing_coefficient). The best 

results were obtained when a minimum of 3 continuous waves were present. 

The hybrid algorithm was an improvement over it's the 'EEG-only' counterpart. As is 

evident from Table 5 .14, the greatest difference between the hybtid and the EEG-only 

algorithm was found when the minimum wave count was set to 3 continuous waves, with the 

differences becoming less as the minimum wave count increases up to 6 continuous waves. 

Although the sensitivity achieved with the hybrid algorithm was marginally better than that 

achieved with the EEG algorithtn in the previous chapter (with the hybrid algorithm reaching 

sensitivity values of a little higher than 0.85), the sensitivity and specificity values were still 

relatively low. It is believed that the hybrid algorithm described in this chapter could form 

the basis for a more comprehensive detection algorithtn. In the future, such an algorithm 

could include additional parameters and physiological factors that have not been considered 

in this research. 
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Chapter 6 

Lifestyle and behavioural association to video indicators of 
drowsiness 

6.1 Introduction: 

In previous chapters, driver drowsiness was discussed in terms of changes in physiology and 

movement during driving and its application for developing drowsiness detecting algorithms. 

Chapter 1 identified various methods that have been applied previously for detecting fatigue. 

One of the methods identified in the literature review as a potential application for driver 

drowsiness detection was video- based observations. Video facial recognition and 

mannerisms have been known to be used to identify fatigue states (Wierwille and Ellsworth, 

1994). Video-based methods generally utilize eye blinks (Caffier et al., 2003), eye 

movement, observer ratings (Wierwille and Ellsworth, 1994; Lal and Craig, 2002), 

pupilometery (Heitmann et al., 2001) and head nodding (Qiang, Zhiwei and Lan, 2004). 

For example, Belyavin & Wright (1987) estimated driver drowsiness by using behaviour such 

yawning and nodding, eyelid closure, and changes in facial tone. Recently in 2008, Wilson, 

Chattington, and Marple-Horvat (2008) suggested that under pressure, the driver performance 

degradation was associated with a more narrow range of eye movement but with reduced 

associations of steering behaviour with eye movement. An observer drowsiness rating scale 

was developed by Wierwille & Elllsworth ( 1994) which was later modified in collaborative 

work by the author of this thesis with Zilberg et al. (2007), where the rating scale was based 

on facial expressions, eye movements as well as body movements to categorise drowsiness 

level according to one of five states (refer to Chapter 3, section 3.3.2) ranging from alert to 

extremely drowsy. 

Behaviour may also influence the fatigue state of an individual. Lal & Craig (2002) have 

identified driver fatigue as being associated with psychological factors such as increased 

anxiety, tension, and fatigue-inertia. Strahan, Watson and Lennonb (2008) found that 

occupational-stress also contributes to driver fatigue. Furthermore, individuals with a high 
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self-esteem such as extroverts have been shown to have higher risks of driver fatigue 

(Thiffault and Bergeron, 2003a). Another parameter, that of age, has also been shown to 

contribute to driver fatigue, where younger drivers were more likely to be involved in a car 

crash caused by driver fatigue than older drivers (McGwin Jr and Brown, 1999). 

However, through previous investigations on driver behaviour, it appears that information is 

still required for improved understanding of links between driver lifestyle, behaviours and 

drowsiness. Hence, the aim was to investigate the associations between video ratings of 

drowsiness and subjective measures of fatigue obtained using lifestyle and behaviour 

questionnaires. 

6.2 Methods 

Sixty drivers were involved in a laboratory-based driver simulated study (refer to Chapter 4, 

section 5 for further details). Facial features (such as rate and duration of eye blinks, degree 

of eye opening, "glazed look", yawing, etc) and driver mannerisms (such as shoulder checks, 

head and body movement, and correction steering movements) were recorded using video. 

P-"n observer-rated drowsiness scale (rated from 0-,alert to 4-extremely drowsy) was used to 

rate levels of drowsiness (Wierwille and Ellsworth, 1994; Zilberg et al. , 2007). For further 

explanations of the video rating of fatigue, refer to Chapter 3, section 3.3.2). 

Various questionnaires were administered in the research to measure lifestyle, and subjective 

indicators of drowsiness such as anxiety, mood, control efficacy and self-reported fatigue 

states. 

These questionnaires were constructed to ensure validity and true response to items and will 

be explained further below. 
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6.2.1 Life style Questionnaire 

The lifestyle appraisal questionnaire (Craig et al., 1996) was administered. This is a reliable 

and validated tool that has two parts. Part 1 assesses those risk factors that could lead to the 

development of lifestyle diseases such as coronary heart disease, asthma, cancer, etc. There 

are 21 questions in Part 1, which assess alcoholic drinks consumed, smoking, blood pressure, 

body mass index, drug use, physical activity, diet, relaxation and affection, support, family 

history of diseases, stress, sleep, and tea and coffee consumption. Part 2 consists of 25 items 

and provides a measure of a person's perception of life demands and includes questions such 

as "I feel nervous and not in control" and "I have no confidence in what I do". The questions 

in Part 2 were designed to measure factors such as anxiety, locus of control and perceptions 

of health. 

Part 1 has a Cronbach alpha of0.5, whereas Part 2 has a Cronbach alpha of0.89. Generally, 

a Cronbach 2: 0.8 represents good internal reliability of the questionnaire (De Vries, 

Michielsen and Van Heck, 2003). 

6.2.2 Profile of Mood States Questionnaire 

The Profile of Mood States questionnaire (POMS) provides a measure of different mood 

states. The test consists of 65 questions which can be divided into six clearly defined POMS 

factors : Tension-Anxiety, Depression-Dejection, Anger-Hostility, Vigour-Activity, Fatigue-

Inertia and Confusion-Bewilderment (explained in detail below). Six independent factor 

analytic studies were conducted during the development and validation of the POMS 

(McNair et al., 1971 ). These studies indicated that the six mood factors could be identified, 

measured reliably and replicated in different samples of subjects. A Total Mood Disturbance 

score may also be obtained from the POMS by summing the scores across all six factors. The 

Cronbach alpha for the total mood score is 0.94. 

Tension-Anxiety: Factor T provides a description of increased musculoskeletal tension and 

assess somatic tension (Tense, on edge) and psychomotor manifestation (Shaky, Restless), 
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and vague, diffuse anxiety states (Anxious, Uneasy). This factor has a Cronbach alpha of 

0.92. 

Depression-Dejection: Factor D represents a depressed mood together with a sense of 

personal inadequacy. It is defined by scales representing feelings of worthlessness 

(Unworthy), futility (Hopeless, Desperate), emotional isolation (Blue, Lonely, Helpless, 

Miserable), sadness (Sad, Unhappy), and guilt (Guilty, Sorry). This factor has a Cronbach 

alpha of 0.92 

Anger-Hostility: Factor A indicates a mood of anger antipathy. The principal scales are 

"Angry", "Furious", and "Ready to fight". These represent intense anger. "Grouchy" and 

"Annoyed" describe milder hostility. "Resentful", "Spiteful", "Deceived" and "Bitter" items 

refer suspicious components of hostility. "Peeved", "Bad-tempered" and "Rebellious" 

broadens "Anger" information. This factor has a Cronbach alpha of 0.95 . 

Vigour-Activity: Factor V is indicative of a mood of high energy and vigour. This is a 

positive affect factor (some of the items assessed are: Lively, Active, Energetic, Cheerful, 

etc.). This factor has a Cronbach alpha of 0.89. 

Fatigue-Inertia: Factor F indicates weariness, inertia, and reduced energy. This factor has a 

Cronbach alpha of 0.94. 

Confusion-Bewilderment: Factor C is characterised by bewilderment and muddled 

headedness, and is related to 'classical and organized-disorganized dimension of emotion'. It 

may be associated with 'self-report of cognitive efficiency'. This factor has a Cronbach 

alpha of 0.87. 
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6.2.3 The State Trait Anxiety Questionnaire 

The anxiety questionnaire consists of forms Y -1 (State Anxiety) andY -2 (Trait Anxiety) 

(Spielberger et al., 1983). Each of the 2 surveys has 20 questions. This questionnaire 

assesses anxiety both short-term (State Anxiety) and long-term (Trait Anxiety). In general, 

anxiety is the state one feels when one is under stress, apprehension or when nervous. The 

short-term anxiety known as State Anxiety refers to the individual's response to a perceived 

stressful situation, while the Trait Anxiety refers to the individual's differences in reaction 

(Spielberger et al., 1983). 

The overall median alpha coefficients for the State and Trait Anxiety scales for Form Yin the 

normative samples are 0.92 and 0.90, respectively. 

6.2.4 Control Efficacy 

The Locus-of-control of behaviour questionnaire is a tool that measures the subject's 

perception of the relation between events and behaviour (Craig et al., 1984). This is an 

outcome efficacy measure. There are 17 items in this questionnaire. High scores in the test 

are indicative of the person's perceived lack of control (externality) while lower scores 

indicate internality. The LCB has a Cronbach alpha of 0.79. 

6.2.5 Fatigue Questionnaire 

The Fatigue Questionnaire was modified from Wessely and Powell (Wessely and Powell, 

1989) and provided an assessment of mental and physical fatigue states and included 13 items 

(8 "physical" and 5 "mental" items). The Cronbach alpha for "physical" fatigue is 0.84, the 

Cronbach alpha for "mental" fatigue is 0.79, and for the total fatigue the Cronbach alpha is 

0.87. 
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6.2.6 The fatigue state Iikert question 

A Likert scale 'question' was administered in this study to assess 'the present level of 

fatigue' before and after the driver simulator task (Lal and Craig, 2002). The Likert question 

required the subject to respond to the following: 'Presently, I feel fatigued (tired, drowsy)' 

with a response selected from: 

1) Not at all, 2) Slightly, 3) Moderately, 4) Markedly. 

Most of the questionnaires administered are similar to those administered in the study on 

driver fatigue by Lal & Craig (2002). These questionnaires were selected to since they have 

been applied in driver related studies previously and also provide important behaviour related 

links to fatigue . A summary of the list of the questionnaires administered both pre- and post-

study (before and after the driving simulator task) follows: 

Pre-study Questionnaires 

The following questionnaires were adn1inistered prior to the driving simulator task: 

• Life style Questionnaire 

• Profile of Mood States Questiom1aire 

• The State Trait Anxiety Questionnaire 

• Control Efficacy 

• Fatigue Questionnaire 

• The fatigue state Likert question 

Post-study Questionnaires 

The following questionnaire was administered after the simulator-based driving: 

• The fatigue state Likert question 
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6.3 Statistical analysis 

Statistical analysis was performed using Statistica 8.0 (StatSoft Inc, USA). A dependent 

sample t-test was performed to identify the difference between self-rated fatigue states before 

and after the driving simulator task. Pearson's correlation was used to identify associations 

between the dependent variables (video based drowsiness rating) and the independent 

variables (self-rated fatigue and psychological factors). Only variables identified as having 

significant associations using the correlation analysis were subjected to regression analysis. 

The regression analysis identified the strongest predictors of the dependent variables and also 

reducing the probability of chance findings. Refer to Chapter 3 for a detailed explanation of 

video based drowsiness rating. Drowsiness ratings were a modified version (Zilberg et al. , 

2007) of video rating according to (Wierwille and Ellsworth, 1994). The drowsiness ratings 

were based on the following scale: 0 = Alert, 1 =Slightly drowsy, 2 = Moderately drowsy, 3 

= Significantly drowsy, 4 = Extremely drowsy. The video data was analysed to derive 

'Drowsiness count', 'Drowsiness percentage', 'Drowsiness period count ', 'Maximum 

drowsiness period ', and 'Drowsiness period percentage '. 'Drowsiness count' refers to the 

number of times the observer rating was above 3. 'Drowsiness percentage ' was the 

percentage of time the observer rating was above 3. Drowsiness period refers to a segtnent of 

data where the drowsiness rating was greater than a score of 3 for 3 or more consecutive 

observations. Therefore, a 'Drowsiness period count' was the total number of times the 

drowsiness score was above 3 consecutively for the entire driving session. The 'Maximum 

drowsiness period' refers to the greatest number of consecutive observations made which 

were greater than 3. 'Drowsiness period percentage' was the percentage of titne the 

drowsiness score was above 3 consecutively in the entire driving session. 
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6.4 Results 

Although a total of sixty subjects performed the driving simulator task, this data analysis is 

presented from data obtained for only 42 subjects. Data from the remaining subjects could 

not be included in this analysis due to the technical limitation that was encountered with the 

video analysis section (which was explained earlier in Chapter 4, section 4.5). 

The average age of the 42 subjects included in the analysis was 33 ± 12.3 with an average 

body mass index (BMI) of26.4 ± 7.7. Table 6.1 shows the average scores for the self-rated 

fatigue and psychological variables . The driver sample in the present study was slightly more 

anxious than the sample norm (working adults) (Spielberger et al. , 1983) as indicated in 

Table 6.1 for the trait anxiety scores (indicative of long-term anxiety) but scored lower than 

the smnple norm for state anxiety (short term anxiety). Our sample demonstrated low scores 

on most of the mood sub-scales compared to the normative sample (McNair et al. , 1971) 

except for Vigour-Activity where our sample scored higher. The drivers in our study scored 

lower for control efficacy co1npared to the sample norm (Craig et al. , 1984). The perception 

of life demand scores for our sample were generally higher across the different age ranges 

compared to the normal range for different ages (Craig et al. , 1996). 
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Table 6.1: Average scores for self-rated fatigue and psychological factors (values in bold 

are greater than the normative average) 

Variables Average ± SD (n=42) Normative Average ± SD 

State Anxiety 
3 2. 3 ± 11 .4 (M) 35.7 ± 10.4 (M) 

29.8 ± 5.5 (F) 35.2 ± 10.6 (F) 

Trait Anxiety 
39.6 ± 10.8 (M) 34.9 ± 9.2 (M) 

37.3 ± 4.2 (F) 34.8 ± 9.2 (F) 

Tension-Anxiety 
8.2 ± 5.5 (M) 18.4 ± 8.8 (M) 

7.5 ± 4.2 (F) 20.7 ± 8.8 (F) 

Depression-Dejection 
7.5 ± 7.8 (M) 22.3 ± 15 .0 (M) 

7.7 ± 5.4 (F) 28 .0 ± 16.0 (F) 

Anger-Hostility 
8.2 ± 9.3 (M) 13.5 ± 10.3 (M) 

6.0 ± 6.7 (F) 14.9 ± 11.5 (F) 
1--- --r---

Vigor-Activity 
14.6 ± 4.8 (M) 11.3 ±6.7 (M) 

13.5 ± 4.3 (F) 9.3 ± 6.3 (F) 

Fatigue-Inertia 
6.8 ± 4.6 (M) 1 0. 1 ± 7. 6 (M) 

6.3 ± 6.1 (F) 13 .0 ± 8.2 (F) 

Confusion- 6.0 ± 3.6 (M) 12.4 ± 6.7 (M) 

Bewildemwnt 5.4 ± 3.0 (F) 13. 3 ± 6. 7 (F) 
--

Total mood score 
17.0 ± 16.6 (M) 

NIA 
25.5 ± 20.1 (F) 

Mental and Physical 5.3 ± 3.5 (M) 
NIA 

Fatigue score 3.9 ± 4.0 (F) 

Control Efficacy 24.5 ± 8.98 28 .3 ± 8.5 

19.9 ± 10.6 < 30 yrs (M) 15.2 ± 7.8 < 30 yrs (M) 

19.5 ± 11.3 30-50 yrs (M) 18.3 ± 7.9 30-50 yrs (M) 

13 .3 ± 5.8 > 50 yrs (M) 19.2±10.1 > 50 yrs (M) 
Perception of life 

20.4 ± 7.7 < 30 yrs (F) 14.2 ± 7.2 < 30 yrs (F) 
demands 

18.8 ± 11.9 30-50 yrs (F) 18.0 ± 8.1 30-50 yrs (F) 

9.5 ± 4.9 > 50 yrs (F) 20.4 ± 8.9 > 50 yrs (F) 

Key: F= females, M= males, SD = Standard Deviation. 
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Table 6.2 shows the average response to items in the lifestyle questionnaire and the number 

of subjects responding in the different categories. Fifteen subjects reported having smoked 

regularly with 9 being current smokers. Of the 9 currently smoking, 5 smoked 1-2 cigarettes 

per day, 3 smoked up to 10 per day, and 1 smoked more than 10 per day. Of these 9, 3 have 

never attempted to give up, smoking while 6 did. Thirty-three subjects reported no alcohol 

intake or up to 2 drinks per day, 7 reported consuming 3-4 drinks, 1 as having 5-8 drinks and 

1 subject reported having 9-15 alcoholic drinks per day. For the response to drugs and 

medication consumption, 34 reported that they did not consume any drugs or medication, 4 

reported consuming once or twice a year, 1 consumed once or twice a month, 2 said once or 

twice weekly, and 5 consumed daily. Regarding the medical history of the immediate family, 

6 reported a history of heart disease, 10 reported a history of cancer, and 18 reported a history 

of hypertension in the immediate family. Thirty-four subjects exercised more than 3 times a 

week, 6 once a week, 1 once a month, and 1 subject did not exercise at all. Thirty-three 

subjects participated in recreational activity every day, and 9 only once a week. Nineteen 

practised some form of relaxation exercise 2-3 tirnes a week, 7 once a month, 3 once every 6 

month, and 13 reported no relaxation exercises. Twenty subjects had a balanced meal at least 

once a day, 18 consumed a balanced meal 2-3 times a week, and 1 had a balanced meal once 

a week. Twenty-four subjects reported a poor diet with consumption of fatty foods and 

sweets 1-2 times a week, 17 once per day, and 1 reported a few times each day. Twenty-five 

subjects always had family support, 12 often, 4 sometimes, 1 rarely. Eighteen reported 

giving and receiving affection frequently each day, 11 occasionally per day, 9 once or twice a 

week, 3 once or twice a month, and 1 rarely or never. Ten subjects reported not having 

experienced any major stressful events in the last 6 months, while 24 reported 1-2 in the last 6 

months, 7 reported 3-6, and 1 person reported 7-12 stress events. Nine subjects reported 

suffering from a present chronic disease or illness with 33 reporting none. Three suffered 

from physical problems everyday, 6 suffered 1-2 times per week, 3 suffered once or twice a 

rnonth, 12 suffered a few times a year, and 18 had no physical problems. Twenty-one 

subjects reported regular good night's sleep, 12 about every second night, 5 once a week and 

4 rarely. Thirty-six subjects reported drinking 0-3 cups of tea or coffee per day and 6 

reported consuming 4-8 cups per day. 

Table 6.2 shows the data for the lifestyle variables reported by the participants. 
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Table 6.2: Lifestyle factors data 

Variable Result (number of subjects responding) 
Regular Smoking No=23 Yes= 15 
Presently Smoke cigarettes No=33 Yes= 9 

Frequency of smoking (cigarettes per 1-2/day = 5 
:S 10/day = 3 day) > 10/day = 1 

Attempt to give up smoking Never= 3 Yes= 6 
0-2 = 33 

Frequency of alcohol intake (drinks per 3-4 = 7 
day) 5-8 = 1 

9-15 = 1 
Drinking spread over the week 

No=34 

Frequency of drug and medication 1-2/year = 4 
1-2/month = 1 consumption 1-2/week = 2 
Everyday= 5 

Medical History Heart Disease 
No =36 Yes =6 
Cancer 
No=32 Yes= 10 
High BP 
No=24 Yes= 18 
3+/week = 34 

Frequency of exercise 1/week = 6 
1/month = 1 
Not at all= 1 

Frequency of recreation Everyday = 3 3 1/wk = 9 
2-3times/week = 19 

Frequency of relaxation exercises 1/month = 7 
1/6months = 3 
Not at all= 13 
1/day = 20 

Frequency of healthy diet 2-3/week = 18 
1/week = 4 
1-2/week = 24 

Frequency of poor diet 1/day = 17 
few times/day= 1 
Always= 25 

Frequency of family support Often= 12 
Sometimes = 4 
Rarely= 1 
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Table 6.2 Continued 

Variable Result (number of subjects responding) 
Frequently/day = 18 

Frequency of giving and receiving Occasionally/day= 11 
1-2/week = 9 affection 1-2/month = 3 
Rarely/Never= 1 

Frequency of stressful events (in the last None= 10 1-2 = 24 3-6 = 7 7-12 = 
6 months) 1 
Present chronic disease or illness No=33 Yes= 9 

Not at all= 18 Few times/year = 12 
Suffer from physical problems 1-2/month = 3 1-2/week = 6 

Everyday= 3 

Frequency of a good night sleep Most nights = 21 every second night = 
12 1/week = 5 Rarely= 4 

Frequency of tea or coffee intake (cups 0-3 = 36 4-8 = 6 per day) 

Table 6.3 provides the mean and standard deviation of the following video-rated drowsiness 

variables explained above: 'Drowsiness count ' , 'Drowsiness percentage' , 'Drowsiness period 

count' , 'Maximum drowsiness period' , and 'Drowsiness period percentage' . 

Table 6.3: Average scores for the video rated drowsiness variables 

Variables Mean±SD 
Drowsiness count 137.9 ± 37.49 
Drowsiness percentage 0.2 ± 0.15 
Drowsiness period count 43.7 ± 12.53 
Maximum drowsiness period 5.0 ± 2.95 -----------------------
Drowsiness period percentage 0.2 ± 0.15 
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6.4.1 Video observer rating of drowsiness versus lifestyle and psychological data 

After the simulator driving task, fatigue state was found to be significantly higher than the 

pre-driving fatigue state (p < 0.0001). Lower video-based Drowsiness count was associated 

with low trait anxiety scores (r=-0.321, p=0.04). Increased Drowsiness count showed 

associations with reduced Tension-Anxiety (r=-0.33, p=0.04). Higher levels of Depression-

Dejection (r=-0.33, p=0.04) and Anger-Hostility (r=-0.32, p=0.048) had links with reduced 

Drowsiness count. Poor diet was associated with higher Drowsiness count (r=0.34, p=0.03). 

Increased Drowsiness count and Drowsiness period count was also associated with those who 

gave and received more affection (r=-0.43, p=0.006; r=-0.45, p=0.003, respectively). 

Experiencing less stressful events in the last 6 months showed associations with higher 

Drowsiness percentage (r=-0.32, p=0.04). 

Some trends of significance were also identified in this exploratory analysis. For example, 

lack of relaxation exercises was associated with higher drowsiness count (r=-0.33, p=0.04). 

Drowsiness percentage and Drowsiness period percentage had trends towards associations 

with internality as identified by the control efficacy scores (r=-028, p=0.09; r=-0.28, p=0.08, 

respectively). Higher Drowsiness period count was related to lower Anger-Hostility (r=-

0.28, p=0.09) and Confusion- Bewilderment (r=-0.28, p=0.08). This factor was also 

associated with a poor diet (r=0.29, p=0.07). 

Only the self-rated and psychological variables that were significantly related to the 

Drowsiness count measure were subjected to a standard multiple regression analysis to 

determine those variables that most strongly predicated the changes in this video-rated 

drowsiness variable (the dependent variable) (refer to Table 6.4). The regression was 

significant (F=4.25, df=6.34, p< 0.003, R=0.65, R2=0.43, adjusted R2=0.33) for six variables 

(Trait Anxiety, Tension-Anxiety, Depression-Dejection, Anger-Hostility, Poor Diet, and 

Affection) together explaining 43% of the variance in Drowsiness count factor. Poor diet 

(p=0.003) and receiving and giving affection (p=0.002) were found to be the strongest of the 

six predictors for video-rated drowsiness variables. 
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Table 6.4: Multiple regression analysis of self-rated and psychological variables 

association with Drowsiness count 

Regression Summary for Dependent Variable: Drowsiness_ count (data-video) 

R= 0.65 R2= 0.43 Adjusted R2= 0.33 , F(6,34)= 4.25 p<.003 Std.Error of estimate= 
31.12 

n=41 p SE of B SE ofB T p value p 
Intercept 154.62 25.08 6.17 <0.0001 
Trait Anxiety -0.09 0.16 -0.36 0.64 -0.56 0.58 
Tension-Anxiety 0.11 0.21 0.85 1.58 0.54 0.59 
Depression- -0.07 0.22 -0.40 1.16 -0.34 0.74 Dejection 
Anger-Hostility -0.17 0.24 -0.75 1.05 -0.72 0.48 
Poor Diet 0.47 0.15 26.81 8.29 3.23 0.003 --
Affection -0.48 0.14 -17.13 5.09 -3.37 0.002 

6.5 Discussion and conclusions 

This chapter addressed Aim 6 and assessed behavioural and lifestyle correlates to driver 

drowsiness (validated using the video-observer rating) . 

The responses to the Lifestyle questionnaires identified 15 subjects as having smoked 

regularly with 9 current smokers. The majority of subjects reported either no alcohol intake 

or up to 3 drinks per day. The majority also reported that they did not consume any drugs or 

medication. Most did not report a serious medical history in the immediate family. Most of 

the study participants engaged in physical exercise three times a week and recreational 

activity every day. Approximately half the sample engaged in relaxation exercises 2-3 times 

a week, and had a balanced meal at least once a week. However, 24 subjects also reported a 

poor diet once or two times a week. Most subjects always had fan1ily support available and 

reported giving and receiving affection. Nearly 30 subjects reported experiencing major 

stressful events in the last 6 months. A third of the subjects also reported having some 

illness. Most suffered from some physical problem although not regularly. Half the sample 

reported having a regular good night's sleep. 
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Based on the fatigue state Likert question, subjects reported greater drowsiness after the 

driving simulator task compared to before the drive. Surprisingly, the video indicators of 

drowsiness were associated with reduced trait anxiety, and the mood factors Tension-

Anxiety, Depression-Dejection, and Anger-Hostility. In general poor diet, giving and 

receiving affection, and experiencing fewer stressful events in the last 6 months were 

associated with increased drowsiness. 

Collectively low trait anxiety, Tension-Anxiety, Depression-Dejection, Anger-Hostility, poor 

diet and giving and receiving affection contributed to 43% (substantial prediction) of the 

variability in drowsiness assessed by using video indicators. Of these six variables, the 

strongest predictors of drowsiness were poor diet and receiving and giving affection. This 

confirms the findings of a number of studies that relate poor diet with fatigue and depression. 

For example, in a survey of heavy vehicle drivers, poor dietlinegular eating was rated by 

27 .2% of the drivers as being a contributing factor to fatigue (Lloyd, Green and Rogers, 

1994; Rogers, 2001). In the study by Lloyd et al. (1994), subjects were given three different 

lunch meals on different days: low-fat/high carbohydrates (LFHC), mediun1-fat/medium 

carbohydrates (MFMC), and high-fat/low carbohydrates (HFLC); all three n1eals had an 

equal number of calories. Subjects were found to perform better in both n1ood and 

performance tests while on the MFMC diet. Thus, it appears that a balanced diet is best for 

delaying the onset of fatigue (Lloyd et al. , 1994; Paz and Beny, 1997). 

There were some trends towards association of lack of relaxation exercises, being internality 

oriented, and reduced Anger-Hostility and Confusion-Bewildennent to be associated with 

increased drowsiness. Studies have suggested that work-related physical activity such as 

loading and unloading performed by coach and truck drivers induced fatigued (Sluiter, 1999; 

Strahan et al., 2008). However, these studies do not indicate the fitness level of the drivers. 

Conversely, other studies showed that exercise reduces stress and improves the person's 

ability to cope with fatigue and other work-related events (Morgan, 1997; Hamer, Taylor and 

Steptoe, 2006; Taylor and Dom, 2006). A Dutch study (Sluiter, van der Beek and Frings-

Dresen, 1997) found that drivers who exercised more than once a week had 0.78 fewer 

accidents per driver than those who exercised only once a week; whereas drivers who 

exercised less than once a week had 1.05 accidents over the same two-year period. 
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Furthermore, relaxation exercises such as yoga and breathing exercises have been shown to 

increase alertness and increase positive mood (Wood, 1993; Sang-Dol and Hee-Seung, 2005). 

The average of the tested sample generally had lower values than the normative sample for 

most questionnaire variables, except for Trait-Anxiety and Vigour-Activity, which were 

slightly higher. The study sample had lower short-term (state) anxiety but higher long-term 

(trait) anxiety. Subjects also scored lower for all the mood sub-scales except for Vigour-

Activity and also scored lower for the control efficacy measure. The sample tested appears to 

be slightly more anxious as indicated by the higher Trait anxiety scores; they were more 

active and perceived life stressors as more demanding compared to the norm as indicated in 

Table 6.4 above. 

6.5.1 Lifestyle factors and drowsiness 

In their study, Lal and Craig (2002) correlated the lifestyle factors with driver fatigue 

indicators derived from EEG such as delta and theta activity, and found a positive association 

between levels of trait and state anxiety and negative mood states and EEG indicators of 

drowsiness such as delta and theta activities. Studies have shown a negative association 

between mood states (such as depression and anxiety) and alertness and cognitive levels 

(Farrin, Hull, Unwin, Wykes and David, 2003 ; Jiang et al., 2003). Similarly, in an Irish study 

of 16 doctors, it was reported that fatigue and sleep deprivation have an adverse feedback on 

mood, (Leonard, Fanning, Attwood and Buckley, 1998). After a 32-hour shift with only 4.5 

hours sleep, the doctors reported adversely in the following mood categories: Tension-

Anxiety, Vigour-Activity, Fatigue-Inertia and Confusion-Bewilderment. 

In the present study, a different fatigue indicator (namely, observer ratings of video) was used 

as the dependent variable. It was found that increase in drowsiness was related to lower 

negative mood states such as Depression-Dejection and Anger-Hostility (Karrar, Xu, Zilberg, 

Burton and Lal, 2009a) . This decrease indicates that the occurrence of drowsiness may be 

associated with more relaxed and less stressed states. These findings are in contrast to other 

studies that related insomnia to higher levels of stress levels (Hall et al., 2000) or linked 
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negative mood states and anxiety to greater fatigue levels (Lal and Craig, 2002). However, it 

has been shown in other previous studies (Aitken Harris and Lucia, 2003; Cheng and 

Fumham, 2003) that extraverts tend to be less depressed than introverts. Furthermore, the 

literature points to an association between extraversion and fatigue (Thiffault and Bergeron, 

2003a), which in tum indicates a relationship between lower depression and fatigue. 

In the study by Strahan et al. (2008) it was argued that an increase in occupational stress was 

associated with fatigue-related driver behaviour such as driving while fatigued, driving after 

having insufficient sleep and driving for extended periods of time. However, reductions in 

occupational stress were found to be associated with increases in fatigue-related near crash 

misses . This seems to support the notion that a relaxed lifestyle could be associated with 

driver drowsiness as indicated by the findings of the present study. 

An important factor that contributed greatly to the results of the study is that this group of 

subjects were relatively healthy with an active lifestyle and were a slightly younger age group 

on average, and as indicated by the low average score for the Depression-Dejection mood 

factor. This group of subjects seem to have a more relaxed approach to life in general. 

With the assistance of video drowsiness ratings, this study was able to show that behavioural 

and lifestyle fac tors may significantly influence driver fatigue. These results have 

implications for future fatigue management programs and driver education. 
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Chapter 7 

Conclusions and future directions 

7.1 Introduction 

This chapter will provide summary conclusions based on the chapters above. A large amount 

of experimental data was collected during this research. The focus of the data analysis was 

to identify predictor variables and propose detection algorithms for driver drowsiness based 

on human physiology, movement, video data and behavioural information. 

During the preliminary statistical analysis conducted in Chapter 3 it was identified that from 

all the data that was analysed, only EEG alpha and body movement showed significant 

association with drowsiness (addressed Aim 1). Video information was analysed (addressed 

Aim 2) and used as a tool to validate episodes of fatigue identified by either EEG data 

(addressed Aim 3) or body movement data (addressed Aim 4). 

In Chapter 4 statistical analysis was conducted on the entire EEG data set to establish 

association with drowsiness, and two algorithms, one based on EEG alpha burst and the 

second on EEG alpha power were developed (addressed Aim 5). In Chapter 5, body 

movement data was added to both EEG methods and it was found that the EEG alpha burst 

statistical method combined with body movement data provided a better detection of 

drowsiness, hence forming the basis of the hybrid algorithm (addressed Aim 5). 

A correlation was also found between a driver's level of fatigue and their behavioural and 

lifestyle choices as per the results from the Lifestyle questionnaire and self-reported 

evaluation of fatigue (addressed Aim 6). The conclusions from each of the individual 

chapters are summarised in further detail below. 
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7.1.1 Chapter 1 

Chapter 1 presented a thorough review of the existing literature in the area of driver 

drowsiness. The papers published on fatigue and drowsiness and investigations conducted in 

this area were identified. Even though substantial research has been published on measuring 

drowsiness, precise definitions of drowsiness and related factors are not available, and in 

most studies, results are influenced by inter subject variability and small sample numbers . 

Hence, there is lack of agreement between the different drowsiness detection systems 

proposed. Few systems have reached commercial implementation, mainly due to inadequate 

validation and accuracy assessment of proposed systems for real life application. 

Furthermore, papers investigating physiology as indicators of drowsiness reported measures 

such as electroencephalography, electrooculography, heart rate and heart rate variability, 

event related potentials, and imaging techniques. It appeared that electroencephalography is 

recognised as a promising indicator of dro\vsiness. Self-reported psychological tests were 

also identified for measuring sleepiness. 

There was a close focus in the review presented on the current state of the art in drowsiness 

detection and countermeasure systems and technology as well as movement sensors used to 

predict drowsiness. It was concluded that there was a lack of research in the area of hybrid 

driver drowsiness systems and little information available on the use of seat movement 

sensors for detecting drowsiness. It was also identified that only limited research had been 

conducted in the area of driver movement inside the vehicle with regards to drowsiness. 

The present doctoral research focused on developing driver drowsiness algorithms based on 

assessing human brain activity, mainly the alpha waves (from the EEG signals), alongside the 

detection of driver movement using sensors placed on the seat with the aim of proposing 

hybrid detection algorithms. The goal of the study was to produce quality data from an 

experimentally controlled environment with adequate sample size and random allocation of 

drivers to participate in the study. The doctoral research included: 

• A review of the current literature in the area 

• Preliminary presentation of analysis of different drowsiness detection methods, such 

as seat movement sensors, steering wheel sensors, EEG, video rating and percentage 

eye closure (PERCLOS) (Dinges and Grace, 1998). 
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• Assessment of brain physiology focusing on alpha activity changes. 

• Analysis of video data to validate drowsiness states based on inter-observer ratings of 

drowsiness (Wierwille and Ellsworth, 1994). 

• Measures of driver's body movement by using seat movement sensors 

• Proposal of EEG alpha activity and movement sensor-based algorithms for the 

detection of drowsiness. 

• Investigation of the lifestyle and behavioural indicators of drowsiness such as mood, 

control efficacy, anxiety and fatigue state. 

7.1.2 Chapter 2 

Chapter 2 presented a controlled experimental design used in the study to collect the research 

data. The method for experimental setup included physiological equipment configuration, 

hardware design, software programming, identifying movement sensor locations, and 

incorporating movement sensors on the seat for detecting slight changes in the driver' s body 

posi tion in the seat. Five movement sensors were placed on the back section of the seat and 5 

sensors were placed at the botton1 of the seat. The 10 sensors together comprised the seat 

movement sensors ' placements. There were also 5 movement sensors and 8 pressure sensors 

placed on the steering wheel. Standard Ag/Cl and gold cup electrodes were used to record 

eye movement (EOG) and brain (EEG) signals . Proprietary systems such as Siesta 

(Compumedics, Melbourne, Australia) and FaceLAB (Seeing Systems, Australia) were used 

to acquire the physiological signals. 

7.1.3 Chapter 3 

In Chapter 3, preliminary statistical work was reported on the data collected using seat 

movement sensors, steering wheel sensors, eye movement, electroencephalography and video 

data. Specifically, the statistical analysis was conducted using only sections of the data set, 

selecting sections where the driver was exhibiting signs of drowsiness. The purpose of this 

preliminary analysis was to provide the foundation for more detailed statistical analysis to 
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follow (reported in subsequent chapters). Using the preliminary analysis, factors that had the 

greatest effect on drowsiness and those that did not contribute substantially to drowsiness 

were identified. The preliminary analysis established that EEG alpha activity and seat 

movement were the two main predictors of drowsiness. On the other hand, steering wheel 

movement and pressure sensors did not show strong associations with drowsiness. These 

results were consistent with recent studies that showed EEG alpha as a strong predictor of 

drowsiness (Papadelis et al. , 2007; Yeo et al., 2007) and that body movements collected from 

sensors placed on the driver's seat were also predictors of drowsiness (Furugori et al. , 2003). 

The results in the present study led to the initial conclusion that the combined effect of EEG 

and seat movement signals could form the basis of a drowsiness detecting algorithm. 

Significant reductions were found in the seat movement signals during the transition state of 

drowsiness, especially those from the back section of the seat as opposed to signals fro1n 

movement sensors placed on the bottom of the seat. Secondly, there was an increase in alpha 

activity evident in the central site of the brain and this site provided a more significant 

association with drowsiness as opposed to alpha activity at the occipital site. It was found 

that the predictive capability of the signals from the body movement sensors located on the 

car seat for detecting drowsiness was improved further when used in combination with EEG 

alpha percentage and eye movement duration. It is concluded that there could be potential 

benefit in integrating different physiological variables to form the basis of drowsiness 

detection algorithms, thereby providing a ' hybrid' algorithm approach. 

7.1.4 Chapter 4 

The results in Chapter 3 showed that EEG alpha activity was a significant predictor of 

drowsiness. Therefore, in Chapter 4 the EEG data was investigated further for the complete 

duration of the recorded date. In the process, statistical work was conducted on the data 

derived from different EEG channels; that is, brain activity from the occipital and central 

sites was investigated in more detail. Statistical analysis was performed using two different 

methods of analysing EEG data for drowsiness detection: (i) spectral analysis to investigate 

EEG activities in the delta, theta, alpha and beta frequency bands, and (ii) alpha burst 

analysis. A number of alpha activity parameters were derived from the EEG power spectrum, 
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namely, the averaged power spectrum ratio (APSR), the adjusted averaged power spectrum 

ratio (APSRadjusted), the maximum power spectrum ratio (MPSR) and the adjusted maximum 

power spectrum ratio (MPSRadjusted) for both occipital and central sites. The EEG spectral 

analysis revealed that maximum association between drowsiness and EEG was achieved 

when the alpha activity in the EEG signal was referenced to baseline alpha activity. This 

established association had a low R2 value of 0.181. In the case of the alpha burst analysis, a 

different set of parameters (such as number of waves in the alpha burst, average amplitude of 

the waves in the alpha burst and average frequency of the alpha burst) were derived from the 

EEG signal, which were then used in the statistical analysis. The alpha burst analysis 

improved the association with drowsiness that had been observed using the EEG spectral 

analysis method. The maximum association obtained using alpha burst analysis had an R2 

value of 0.272 with the burst_ waves_ count parameter setting of a minimum number of 4 

waves and using EEG signals from both the occipital and central sites, although the new R2 

value was still low, it was still a great improvement over the first value obtained. Both 

analysis tnethods (spectral analysis and alpha burst analysis) led to similar conclusions: 

• Analysis of the combined EEG signals from both occipital and central sites provided 

stronger associations than if either EEG signal was considered separately. 

• EEG signals provided a better indication of drowsiness when analysed with reference 

to the baseline alpha activity measured at the start of the study. This indicates that 

each individual has different EEG signals during the drowsiness state, but the changes 

in the EEG signals from the alert state to the drowsiness state is similar for most 

individuals. 

These analyses led to the development of two different algorithms to detect drowsiness based 

on EEG spectral analysis and alpha burst analysis. The sensitivity and specificity of the 

algorithm was then calculated based on the number of times the detection results was 

classified into one of the four outcomes. The sensitivity and specificity can also be displayed 

in a graphical form known as receiver operating characteristics (ROC) and the area between 

the graph and the x-axis (area under the curve (AUC)) can be used as a measure of the 

algorithm's performance. The two algorithms were then compared to identify which one was 

more accurate in detecting drowsiness. The outcomes of the algorithm comparison were 

similar to the results obtained using the statistical analysis described above. It was identified 
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that the alpha burst algorithm preformed better than the power spectral analysis based 

algorithm as was indicated by the ROC plots and the AUC measurements. Two of the alpha 

burst input parameters (the number of waveforms in the burst and the smoothing of slope in 

the burst waveform) proved to have greater impact on the outcome than did any of the other 

parameters. Different combinations of the input parameters of the power spectral and alpha 

bursts based algorithms were then ranked according to their AUC values. The first ranked 

algorithm (the alpha burst based algorithm) was at 0.764 (meaning that the alpha burst based 

algorithm has a 76.4% chance of correctly detecting a drowsiness episode) while the AUC of 

the power spectral algorithm was ranked 25th with an AUC of 0. 719. The results identified 

that alpha burst analysis was a better technique for detecting drowsiness compared to EEG 

spectral analysis. Only one other study was identified that showed that EEG alpha burst 

parameters gave better results than the EEG power analysis (Eoh et al. , 2005). 

7 .1.5 Chapter 5 

In Chapter 5, the signals from the seat move1nent sensors were analysed to determine the 

strength of the association between them and the drowsiness ratings . The combined effect of 

10 seat movement sensors were investigated using statistical analysis for their potential 

significance in detecting drowsiness. The seat movement sensors alone did not provide a 

viable method for detecting drowsiness. In the literature, most of the studies on assessing 

drowsiness using movement sensors are derived from either steering wheel grip or steering 

wheel movement (Thiffault and Bergeron, 2003b; Giacomin, Shayaa, Dormegnie and 

Richard, 2004). However, Furugori and cohort have published several papers that associated 

drowsiness with the driver' s body movements and postural changes as detected using sensors 

located on the driver seat (Miura, Yoshizawa and Furugori, 2002; Furugori et al., 2003; 

Furugoori, Yoshizawa, !name and Miura, 2004). The linear regression, R2 for the seat 

movement measurements in the present study was a very low 0.051 (meaning that 

measurements were not related and variation in the measurements can't be modelled 

accurately), which was considerably lower than the R2= 0.181 obtained using EEG alpha 

burst analysis. This chapter advanced the results of Chapter 4 by including the signals from 

the seat movement sensors together with the EEG to propose a hybrid detection algorithm. 

Similar to Chapter 4, statistical analysis was performed to identify the advantage of adding 
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the seat movement sensors together with the EEG sensors for detecting drowsiness. The seat 

movement sensors were investigated by combining: (i) the data obtained using EEG using 

spectral analysis, and (ii) data obtained using alpha burst analysis. It was identified that 

adding measurements from the seat movement sensors ( 5 sensors placed at the back of the 

seat and 5 at the bottom of the seat), together with EEG alpha burst parameters, was the 

optimum method for detecting drowsiness. The association between drowsiness and the 

comb ination of the seat movement sensors and the spectral analysis parameters proved to be 

stronger as indicated by R 2 which had a value of 0.214 which was an improvement over the 

R 2= 0.181 that was obtained using the EEG spectral parameters alone. This improvement in 

association with drowsiness was also observed when the measurements from the seat 

movement sensors were combined with the EEG alpha burst parameters. The association 

with drowsiness using seat movement sensor and alpha burst analysis was stronger with 

coefficient of determination value of R2
= 0.308 compared to the original value of R2

= 0.272 

when using alpha burst analysis alone. Once a statistical significance was established using 

both sensor types, then the hybrid algorithm based on both seat movement and EEG alpha 

burst activity was derived. The results from the hybrid algorithm reflected the results 

obtained in Chapter 4 with the same two alpha burst parameters (the number of waveforms in 

the burst and the smoothing of slope in the burst waveform) again playing a key role in the 

performance of the algorithm. The best AUC using the new hybrid algorithm was 0.783 

(rneaning that the new hybrid algorithm has a 78.3o/o chance of correctly detecting a 

drowsiness episode), thereby providing a better detection than what was obtained in Chapter 

4, furthermore, the AUC of the EEG alpha burst algorithm from the previous chapter now 

ranked 15th after the introduction of the seat movement measurements to the algorithm. In 

both the statistical analysis and algorithm performance comparison, it was apparent that the 

new hybrid approach (EEG and seat movement) to drowsiness detection provided an 

improvement over the 'EEG only' drowsiness detection. The improved performance 

observed using the hybrid algorithm was due to the addition of the seat movement signals to 

the EEG signals . The seat movement parameter was used in the hybrid algorithm to reduce 

the occurrence of false positives, thereby improving the specificity while simultaneously 

increasing the number of true positives and thus improving the sensitivity of the drowsiness 

detection algorithm. 
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7 .1.6 Chapter 6 

Chapter 6 presented the human factor implications of drowsiness. Lifestyle and behavioural 

factors associated with drowsiness were investigated. These factors were analysed for their 

association with drowsiness, the latter was analysed using video observer ratings (Wierwille 

and Ellsworth, 1994). It was found that subjects reported more fatigue after performing the 

driver simulator task compared to before the drive. The video indicator of drowsiness was 

associated with poor diet and reports of experiencing less stressful events in the last 6 

months. Anxiety levels, mood states, and poor diet contributed towards 43o/o of the 

variability in the drowsiness measure. Overall, the study sample showed higher long-term 

anxiety effects. The drivers appeared to be more relaxed but engaged in more activity than 

the population norm. Some previous studies have shown that occupational stress was 

directly related to fatigue-related sleep behaviour (Lal and Craig, 2002; Strahan et al., 2008). 

7.2 Future Directions 

During the course of this research, a number of physiological factors were considered for the 

role of indicators of drowsiness. Analysis using statistical models identified two 

physiological factors as potential indicators of fatigue, that is, the alpha burst activity in the 

EEG signal and drivers ' body movements. Based on the initial findings, an algorithm based 

on alpha burst was developed to predict drowsiness. The accuracy of the algorithm was 

improved further by the addition of driver movement signals obtained from movement 

sensors placed on the seat, thereby providing the basis for a new hybrid algorithm. 

Even during the early days of driver fatigue, Brown (1997) suggested that serious 

consideration must be giving in developing technological countermeasures to fatigue for the 

purposes of mitigating and preventing fatigue related incidents. Furthermore, Desmond and 

Matthews (1997) stated that any fatigue countermeasure system must: (i) accurately detect 

fatigue and (ii) be able to successfully restore the degraded performance. What was 

presented in this research could be considered as a prototype algorithm for a robust 

drowsiness detection system that will help to minimise drowsiness-related road accidents. 
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Future research could improve on the accuracy of the hybrid drowsiness detection algorithm. 

Some proposed areas for improvement are listed below: 

• Improvement could be made by using more accurate components (such as movement 

sensors, movement amplifier circuitry, electrodes, and signal acquisition system) in 

the data acquisition system. Technology continues to improve and some of the 

components used in the data acquisition system have now been superseded by newer 

models. 

• Improvements could be made by incorporating other forms of input from the driver 

such as cardiovascular and respiratory parameters. These signals could be collected 

directly by applying electrodes to the body of the driver, or they can be collected 

indirectly by physiological sensors placed in the back section of the car seat or by 

sensors in the seat belt. 

• Another physiological input that could be considered is eye movement. From the 

preliminary statistical analysis conducted in Chapter 3, it was determined that eye 

movement could be considered as a driver drowsiness indicator. However, before 

using eye movement as an indicator, an elaborate algorithm needs to be developed 

that would allow the extraction of eye movern.ents from the frontopolar (Fp 1) EEG 

·measurements. This would mean that one sensor would be able to provide both EEG 

and eye movement information. 

• Non-physiological signals could be considered such as driver performance. Driving 

parameters such as driving speed, breaking instances, deviation from central lane, etc. 

can be extracted from both driving simulator and from sensors in the Engine Control 

Unit (ECU) (Leen, Heffernan and Dunne, 1999; Isermann, 2008). 

• Finally, improvements can also be made to the proposed hybrid drowsiness detection 

algorithm itself. The statistical analysis in this research used simple linear regression 

models to examine the correlation between drowsiness and drowsiness indicators, and 

the algorithms examined changes in the signals individually. Future algorithms could 

be implemented using more complex techniques incorporating and considering the 

inter-relationship between the various drowsiness indicator signals simultaneously. 
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Future studies should also consider larger sample numbers, different driver age groups, 

gender effects as well as behavioural parameters to continually add to and improve the 

knowledge in the area of road safety. 

Driver drowsiness is a major issue and leads to a large number of road crashes and fatalities 

that could be prevented, and the work undertaken in this research is just one step in the long 

road towards developing an effective drowsiness detection and counter measure technology. 

This research has been successful in proposing a prototype hybrid driver drowsiness detecting 

algorithm as well as providing information that could become a stepping-stone for further 

research and development. 
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Appendix A: Consent Form 

Developing vehicle-based advanced warning countermeasures for driver fatigue 

My name is Murad Kanar and I am a student at UTS. My supervisor is Dr Sara Lal. 

The aim of this research is to find out about the symptoms of driver fatigue, and if there is a way to 
detect drowsiness before degradation in the driving performance occurs. This algorithm will then be 
used in devices that monitor drowsiness and warn drivers in sufficient time to avert accidents. 

In order to participate, you must be aged between 20 and 60 years, hold a cunent Victorian car 
driver's licence, and have no history of epilepsy or motion sickness. The session will last for about 4 
hours. At the end of the session, you will be offered $60 for your participation. 

During the session you will be asked to complete a set of questionnaires, including a brief 
demographics questionnaire and a questionnaire to further explore your behavioural patterns before 
and after the drive. You will also be asked to drive in the Monash University Accident Research 
Centre (MUARC) driving simulator for a period of about 3 hours. During this time certain driving 
data (e.g. accelerator pressure profile), and physiological signals will be recorded. 

No findings that could identify any individual participant will be published. No names will be put into 
any written records of the study, since all names are replaced with numerical codes. All data from 
this study will be kept at UTS and Compumedics. Only members of the research team will have 
access to these data, which must be stored for five years under university regulations, without any 
identifying information. 

No harm is foreseen in your taking part in the study. However, some people who drive in the 
simulator 1nay experience some level of discomfort, such as mild dizziness or nausea. In the unlikely 
event that you feel unwell then please inform the experimenter at any time and we will immediately 
stop the study. Cab vouchers will be given for rides to and from MUARC (paid for by this project). 
You are also asked not to drive a vehicle or to operate machinery until you no longer feel fatigued. 

Participation in this research is entirely voluntary, and you are free to withdraw at any time and for 
any reason. It is important to note that, as with all devices of this type, some people have reported 
feelings of discomfort during or after their drives in the simulator. These effects are usually not 
serious and last for only a short time. Should feelings of discomfort occur, they will not improve as 
long as driving in the simulator is continued. It is advisable therefore, that you let the experimenter 
know immediately if you start feeling any discomfort, and the session will be discontinued. 

If you are happy to participate, please sign the accompanying consent form. If you have concerns 
about the research that you think I or my supervisor can help you with, please feel free to contact me 
on (03) 8420 7332 or Dr Sara Lal on (02) 95141592. 

If you would like to talk to someone who is not connected with the research, you may contact the 
Research Ethics Officer on 02 9514 9615, and quote this number (UTS HREC 2004-028A). 
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Developing vehicle-based advanced warning countermeasures for driver fatigue 

I agree to take part in the above University of Technology, Sydney research project. I have 
had the project explained to me, and I have read the Explanatory Statement, which I keep for 
my records. I understand that agreeing to take part means that I am willing to take part in a 
driving simulator study to develop an algorithm to detect the early onset of driver fatigue. 

I understand that any information that could lead to the identification of any individual will not 
be disclosed in any reports on the project, or to any other party. 

I also understand that my participation is voluntary, that I can choose not to participate in part 
or all of the project, and that I can withdraw at any stage of the project without being penalised 
or disadvantaged in any way. 

Participant's Name: ........................................................... (Please print) 

Signature: ................................................................. Date: ..... .. ....... . 
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Appendix B: Simulator Track 
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