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Abstract

Driver fatigue is responsible for up to 30% of fatar accidents. This issue has been
addressed by many scholars in order to save thdssailives and reduce many
costs. The goal of this work is to reduce the numdfecar accidents caused by
mental fatigue or drowsiness. In order to achiéve goal, we propose a personalized
Bayesian Network (BN) to detect driver’'s fatiguneTdetection of driver fatigue is
enhanced by combining data that reflects the dsavperformance with context-
aware information. The parameters of the systemtlaeangular velocity of the
steering wheel, the pressure applied to the gadeak@d pedals, the grip force on the
steering wheel, weather conditions, current traffand time of day. The
aforementioned parameters of the network are ugdatea regular basis, which
makes fatigue detection more reliable. Besidesetlparameters allow the system to
detect a driver’'s fatigue through driving perforre@anwhich is both individualized
and context aware. In our experiment, subjectsaleodriving simulator game during
six sessions, for a total of one hour. After eaels®on, every subject used the
Karolinska Sleepiness Scale (KSS) to rate herdatgylevel. The system was trained
on the data collected separately from each usenyialg BN to be personalized for
each subject. The proposed system showed an avacageacy of 96%, and ability
to overcome the issue of individual differences andertainties which are involved

in fatigue detection process.
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Chapter 1 Introduction

According to statistics, there are over a billigghicles around the world (Sousanis, J. 2007),
and approximately 20 million in Canada only (Statss Canada, 2007). These numbers
demonstrate the importance of transportation safgnufactures and governments around
the world have been contributing to transportasafety by equipping vehicles with many

safety features and by creating government legislaBome legislation mandates the use of
certain car safety features such as seat beltfe wthiers make specific features a standard in

all cars.

Despite current safety features and legislaticatjssics show that many fatal car accidents
still occur around the world. Drivers are the pngnaause of a considerable proportion of
these accidents. Indeed, fatigued driving is tanieldor up to 30 percent of accidents (The
Royal Society for the Prevention of Accidents, n.When driving, a split second reaction
may help avoid an accident, which is why detect@ndriver’'s fatigue before an accident

occurs may save thousands of lives and reduce ousty.

1.1 Objective

The aim of this work is to create a PersonalizegeBean Network (PBNdhat uses data from
different sensory inputs such as force sensinp@fteering wheel, force applied on a pedal,
weather information. This data can be acquired froadern cars since they have advanced

sensors and computing facilities controlling tHeimctions. Moreover, the proposed fatigue



detection system should overcome the issues ofithdil differences and uncertainties that

are involved in the fatigue detection process.

In order to be possible to be applied in todagss@and to provide comfort to the driver, the
proposed PBN uses non-intrusive/non-wearable senBesides, it does not require the use
of cameras since they might be affected by othetofa such as lightening and wearing

sunglasses.

1.2 Significance of the Problem

Statistics show that 25-30% of accidents are cabsedriver fatigue or drowsiness (The
Royal Society for the Prevention of Accidents, n.dhe US National Highway (NHTSA,
n.d.) statistics show that approximately 100,008skes each year are fatigue related
accidents. Approximately 1,000 people die and 4D,p6ople get injured as a result of

accidents involving drowsiness or fatigue (NHTSAI. )

In 2003, the NHTSA conducted phone interviews W10 drivers. Thirty-seven percent of
the drivers interviewed admitted they have noddiciofallen asleep at least once while
driving, and 29% of those drivers have had suclkexgerience in the previous six months.
Similarly, 14.5% of Ontario drivers, 145,000 drisehave reported that they have nodded off
or fallen asleep while driving at least once inithiges, while 60% have driven while being

fatigued (Traffic Injury Research Foundation, n.d.)
2



The 1990 NTSB study of 182 heavy truck accidengt tiere fatal to drivers showed that

fatigue was the primary cause for 31% of thosedaets (Board, n.d.).

In England, 16-20% of accidents have been repdygublice as sleep-related accidents (J A
Horne & Reyner, 1995). Research shows that 90%eepsrelated accidents can be avoided

if the driver is alerted one second before thedsati occurs (Fan, Yin, & Sun, 2007).

1.3 Background and Motivation

Fatigue can be detected through various signs asigfawning, nodding off, a deterioration
of performance, and others. Some of the physioddgsegns may require a wearable or
intrusive sensor to detect, as is the case with .EH&D, fatigue detection through driving
performance involves many uncertainties. For examgéveral studies concluded that an
increase in the standard deviation in lateral pmsi{SDLP) indicates fatigue. Yet, some
fatigued users showed no increase in SDLP and oty had an insignificant increase.
Uncertainties in detecting fatigue may be cleapethe reader by addressing questions such
as how many yawns are needed or how many timesex thas to nod off before the alarm is
triggered. In other words, how do we calculate grenance deterioration? Furthermore,
individual differences may further complicate th@gqess of detecting fatigue. Some signs
may also appear earlier than other signs. Fornostarunning off lane is considered a late
sign, resulting from sever fatigue. Detecting faéign its early stages is essential to provide

enough time for the driver or the system to hatiadesituation.



This study aims to contribute to the safety of $faortation by proposing a system to detect
driver's fatigue accurately. The proposed systess dmt use wearable or intrusive sensors,
in order to make the system more comfortable foreds and to make it possible to install in
cars. The system also has several features thathzde to its reliability and help overcome

fatigue detection challenges such as individudetehces and uncertainties.

1.4 Research Problem

Driver fatigue detection can be a complicated psecén recent years, different systems and
approaches using various techniques have beengwdgo detect driver fatigue. However,
some issues need to be addressed in order to fauitable detection system. These issues
are: individual differences, the ability to workder various conditions, and avoiding the use
of intrusive or wearable sensors. Most importandyiver fatigue needs to be detected
accurately. Therefore, finding a fatigue detectisgstem that can overcome the
aforementioned obstacles and detect fatigue a@yrhs been one of the most important

issues to be solved.

Driving performance deteriorates due to fatigueer€fore, fatigue can be detected through
driving performance. However, there are some obletan detecting fatigue through driving
performance. These obstacles may be addressedidaynid@ng how to assess performance
deterioration or how to measure driving performariceaddition, this process is further

complicated since driving styles differ from onavdr to another. Moreover, monitoring



driver’s performance may require other sensors sasatameras and radars. For example, via
camera, a system can detect if the driver goetan#, which could be considered as a sign
of fatigue. However, finding an efficient and simmpproach to detecting fatigue through

driving performance is one of our objectives.

We concluded that driving data from the steeringelland the pedals can be used to detect

driving performance; the issue is how to transiaése data to identify fatigue.

Indeed, this draws the attention to the unceitsnthat are involved in this process. Raw
data from the steering wheel and the pedals woelchérely numbers. For instance, if x and
y represent data acquired from the steering wheetltlae pedals, how can we infer a driver's
awareness? Besides, it would rarely be repeatadeXxample, even if a driver drives on the

same track repeatedly, the recorded driving datadvarely be identical.

1.5 Thesis Contribution

- Detecting fatigue through driving performance bg thesign and development of a
Bayesian Network that uses different context saurt® detect fatigue such as
steering wheel, pedals, weather and force sensimgps.

- Design and Validation process of the proposed sydtased on a driving game
simulator. The results showed an average accuracyou96%, and ability to

overcome the issue of individual differences anceutainties.



1.6 Scholarly Achievements

Sultan Alhazmi, Dewan Tanvir AhmedamalSaboune andbdulmotalebEl Saddik, ‘A
Multimodal Personalized Fatigue Detection Systenvemhicular Area Network”, submitted

to Springer Multimedia Tools and Applications.

1.7 Thesis Outlines

The remainder of the thesis is organized as follows

Chapter 2 provides an overview of fatigue, inclgddefinitions and causes. It also presents
other approaches and techniques that were useztdotdatigue. Furthermore, it presents the
criteria of fatigue detection systems based onimlyivperformance, as well as some

characteristics of fatigue related accidents.

Chapter 3 starts with a brief overview of Bayediaiwork including an example.

Chapter 4 presents a fatigue detection system esctiles its key parameters.

Chapter 5 focuses on analyzing and discussingdtpeired data and the results.

Finally, Chapter 6 provides a conclusion and pdediliure work as well as limitations.



Chapter 2 Background and Related Work

2.1 Fatigue Definition

In the literature reviews, there is a lack of amead definition for fatigue. In the medical
dictionary, the term fatigue is defined as: “phgsiand/or mental exhaustion that can be
triggered by stress, medication, overwork, or mlemtiad physical illness or disease.”
According to that definition, fatigue can be cléiesi as physical or mental fatigue. (Shen,
Barbera, & Shapiro, 2006) define physical fatigge ‘@ loss of maximal force-generating
capacity during muscular activity, or a failure thie functional organ”. While defining

mental fatigue as: “a state of weariness relateéddaced motivation”.

The term fatigue in this thesis refers to mentéibte, and it may be used interchangeably
with the term sleepiness. Fatigue is a state ofedsed awareness or alertness that may
result from neurobiological processes organizingcadian rhythms, prolonged and
monotonous driving, or sleep deprivation. Sincevidg can be considered as a vigilance
task, drivers may be unaware of their environmengs some road signals or make wrong
decisions due to a vigilance decrement as a re$utitigue (Milosevic, 1997). Also, they
may take a longer time to react and their attenpan decreases. In extreme cases of
fatigue, drivers may experience microsleeps, wiith periods of a few seconds of sleep,

and the results of microsleeps could be fatal.



2.2Who is More at Risk of Fatigue

Drivers who are probably at risk of sleep-relatedidents:

- Young drivers, 25 years old or younger, are mikedy to drive late at night and be sleep
deprived (Pack et al., 1995).

- Older people, 60 years old or older, might be enprone to fatigue than other drivers
(Campagne, Pebayle, & Muzet, 2004).

- Drivers who have a sleep disorder (Young, BlustEinn, & Palta, 1997).

- Drivers who are taking medicine with drowsinessaaknown side effect (Logan, Case,
Gordon, & others, 2000) (Neutel, 1995).

- People who work at night or have irregular, rogtshifts (McCartt, Ribner, Pack, &
Hammer, 1996).

- Commercial drivers/truck drivers (McCartt et 41996).

2.3 Fatigue Categories

Fatigue can be categorized based on the causeslegjo-related and work-related as shown
in Figure 2-1.Sleep-related fatigues affected by sleep deprivation, time of day, atekp
restrictions. On the other handjork-related fatiguecan be passive or active fatigue,
depending on the cause. Driving in bad conditiamshsas bad weather, poor visibility or
dense traffic may increase the mental overloadhef driver, resulting in active fatigue,
which is considered to be the most common type akwelated fatigue. Another cause of
active fatigue is doing another task while drivirigr example searching for an address.

8



Passive fatigue may occur when a driver drives onatonous roads or for a long period of

time, especially with low traffic (May & Baldwin,d9).

Fatigue Categories

Sleep-related Work-related

Active Passive

Figure2-1: Fatigue Categories



2.4 Causes of Fatigue

Fatigue has several causes. For instance, sleepvateg, time on task, time of day,

monotony of road, and driver’'s age are factors ¢hatse fatigue as shown in Figure 2-2.

Sleep Deprivation Causes of Fatigue

Monotony of Road

Drivers’ Age

Figure2-2: Causes of Fatigue

2.4.1Sleep Deprivation

Sleep deprivation, or lack of sleep, is the moshiwmn cause of sleepiness. (Naitoh, 1989)
concluded that sleeping less than 4 hours per right significantly impair the driving
performance of individuals. Also, (De Valck & Clugd 2001) concluded that partial sleep

deprivation can impair the driving performance bgreasing lane and speed deviations.

10



Also, (Stutts, Wilkins, Scott Osberg, & Vaughn, 2D0ndicated that sleeping less than 5
hours per night increases the probability of bamgplved in a sleep-related accident by

nearly five times.

Moreover, fragmented sleep or sleep disruptionsedoss of sleep, which may eventually
result in sleep deprivation (Dinges, 2009). Lossleép, indeed, increases the probability of
falling asleep at the wheel and impairs the drivpggformance (Mitler, Miller, Lipsitz,

Walsh, & Wylie, 1997) (Wilkinson, Edwards, & Haind966).

2.4.2Time on Task

Several studies demonstrated the strong relatipristiveen fatigue and time on task, as in
(Thiffault & Bergeron, 2003). According to (Mack#& Miller, 1978), the performance of
truck drivers starts to deteriorate after 5 hodrdrving with irregular schedules as opposed
to 8 hours of driving with regular schedules. Conuiag, bus, and truck drivers are not free
to determine their own work schedule; thereforejrthiregular shift hours may require them
to drive at night, which increases the risk of anident due to severe sleepiness (Akerstedt,
1995). Also, irregular shift hours negatively imfsa driver’s rest and sleep time. A study
conducted by (Akerstedt, Kecklund, Gillberg, Lowd&nAxelsson, 2000) suggests having

recovery periods based on the duration of the uleggvork schedule.

11



Furthermore, (Harris & Mackie, 1972) conducted wdgtthat showed that the risk of being
in a sleep-related accident increases after 4 hafucentinuous driving. Also, the studies of
(Ting, Hwang, Doong, & Jeng, 2008) and (Otmani, &8 Roge, & Muzet, 2005) showed
that prolonged driving significantly deterioratedvihg performance. The duration time of

the driving has a strong effect on fatigue.

2.4.3Time of Day

People feel sleepy during the afternoon, (2-4 pany the morning (2-6 am) hours due to
circadian rhythms. These effects are felt evenhmge who are not sleep deprived (Dinges,

2009). (Mitler et al., 1997) has also found a datren between time of day and fatigue.

(Moller, Kayumov, Bulmash, Nhan, & Shapiro, 2006cluded that the frequency of micro

sleeps, 3sec or more, was higher in the afternoon.

Furthermore, a study by (AKERSTEDT, PETERS, AnufidECKLUND, 2005) showed
that the driving performance of night shift workevas impaired after their shift, making

them more vulnerable to sleep-related accidents.

2.4.4Monotony of Road

According to (McBain, 1970), a situation or envinoent can be considered monotonous

when stimuli remains unchanged, is repetitive sgoredictable. An example of monotonous
12



driving would be driving on highways, especiallyraght. In this case, drivers would be
vulnerable to sleep-related accidents (Gillbergchfiend, & Akerstedt, 1994). According to
(McCartt et al., 1996) 40% of sleep-related acdsl@ecur on highways. Also, 57% of fatal

accidents in Canada occurred on highways (CCMTAQ20

In a simulator-based study conducted by (ThiffatkiltBergeron, 2003), sleep-related
behaviour was clearly observed after 20 minutedriefng, when the driving environment or

scenario was monotonous.

2.4.5Drivers’ Age

The age of a driver may be considered to be arféatanaking the driver more vulnerable to
fatigue. (Campagne et al., 2004) compared therdyiperformance of three age groups, 20-
30, 40-50 and 60-70. The results of the study sdothat the deterioration of vigilance is
associated with driving errors for drivers who @@eyears old and above.

Yet, (Pack et al., 1995) analyzed the databasdeeipgelated accidents that took place
between 1990-1992, and found that 55% of the antsd@volved drivers 25 years old or
younger.

The studies show that older people may be moreevahte to sleep-related accidents, but
falling asleep at the wheel can happen to anyormeMer, younger people may be more
reckless, or their sleep unorganized or fragmentédth could explain their involvement in
55% of sleep-related accidents.
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2.5 Characteristics of Sleep-Related Accidents

Sleep-related accidents can be identified by aertaieria. (J A Horne & Reyner, 2009)
identified some of those criteria, which includenming off the road, no brake marks, no

mechanical fault, and good driving conditions.

(Pack et al., 1995) also investigated the charaties of sleep-related accidents. The main
characteristics of sleep-related accidents thapéragd between 1990 and 1992 were: driving
off the road, single vehicle accidents, and an &xa& speed as well as the time of the

accident.

The time of the accident can be an indicator odslelated accidents. Some statistics show
that the highest number of accidents occur in tiddi®a of the night, in the early morning,
and between 3-6pm (Pack et al., 1995). The posgibiithe driver being fatigued or drowsy
at these times is very high. Many sleep-relateddaots occur on high-speed roads,
especially in non-urban areas. The monotony ofetlreads, along with prolonged driving
could explain the high number of accidents.

Moreover, fatigue can decrease performance andanmge and slow the reaction time of
individuals (Dinges, 2009). There may thereforeabeidents that were attributed to loss of

attention such as not seeing a road sign, whicldcoureality, be a result of fatigue.

(Hamouda & Saccomanno, 1995) developed a neuralenietmodel that can identify the

patterns in sleep-related accidents. The model tnised on data from truck accident
14



records in Ontario. The model was successfully ableletect whether the accident was

sleep-related or not, based on the similaritigbiénconditions of sleep-related accidents.

2.6 Practical Countermeasures

According to (L A Reyner & Horne, 1998) sleep ig kaown to suddenly occur, bringing

people from an alert state to a sleep state, exnapre medical conditions. In other words,
healthy drivers, who do not have rare medical doms such as narcolepsy, do not
encounter sudden sleep. Therefore, sleepy driveraware of their sleep level, though they
might underestimate the chances of falling aslebpgewdriving. Drivers who feel sleepy

often use sleep countermeasures, to stop the prademlling asleep or to increase their
awareness. There are several countermeasuresér, slet the optimal solution for fatigue

is to stop driving (James A Horne & Baulk, 2003).

2.6.1Rolling Down the Window/ Turning up the Volume on the Sound
System

Some countermeasures such as rolling down the wiratoturning up the volume of the
sound system may have only a temporary benefiedddturning up the volume of the radio
in this case may distract fatigued drivers from thet that their driving is impaired due to

fatigue (J A Horne & Reyner, 2009).
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2.6.2Nap

Taking a nap is considered to be a good countenmeallaps depend on several variables
such as the circadian rhythms influence, the peofoiime spent awake since the last sleep,
and the quality of the last sleep. These variatdesbe taken into consideration to determine
the minimum amount of sleep required to avoid aglpys or tardiness, especially for drivers
who follow a schedule, such as truck drivers (J &r¢ & Reyner, 2009). (Naitoh, Kelly, &
Babkoff, 1990) concluded that having a 20 minutp aeery six hours over a period of 35

hours can be very beneficial to a driver’'s perfancea

2.6.3Break

Having a break is also considered a good countesmmeasince it required that we stop
driving. Some motorways in the UK are facilitategd Motor Service Areas (MSASs), which
are located 30KM apart along motorways. MSAs havgd parking areas, restaurants, shops
and picnic areas. (L A Reyner, Horne, & Flatley;l@Dconducted a study to evaluate the
effectiveness of the Motorway Service Areas (MSksjeducing fatigue-related accidents.

The results showed that MSAs are significantlyaie in reducing sleep-related accidents.

2.6.4Caffeine

Caffeine is a non-prescription stimulant that siees neurons involved in vigilance and

inhibits neurons involved in sleep (Biggs et aQ0?). It takes approximately 45 minutes for
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caffeine to be completely absorbed in the humary l{dtets, Baas, Van Boven, Olivier, &
Verster, 2012). Several research studies demaoastsaability in postponing sleep and also
in reducing fatigue that may result from repetittagsks or monotonous driving. Consuming
200 mg of caffeine, which can be obtained from 2ups of coffee, 30 minutes before
driving, can be effective in reducing sleepinesgmvtriving in the early morning, for drivers
who had 5 hours of sleep. According to the stuiaig, éffect can last up to 2 hours. A smaller
dosage of caffeine, 100mg, is also found to beeggfitective in reducing sleepiness and lane
drifting in the simulated study (Louise A ReyneH®rne, 2000), (Akerstedt & Ficca, 1997),
(Biggs et al., 2007). A recent study on the eff@tteaffeine on driving performance showed
that 300mg of slow-released caffeine was an effeatbuntermeasure. The 300mg of slow-
released caffeine improved drivers’ performanceerms of a decrease in lane and speed
deviations. The effect of the caffeine began aftee hour, and lasted for 5 hours. The long

duration of the effect is due to the slow-reledsthe caffeine (De Valck & Cluydts, 2001).

2.7 Fatigue Detection

The techniques used to detect fatigue can be lyazmdkegorized into three categories as
shown in Figure 2-3. First, techniques based oweds current state, such as eyelid
movements, yawning, heart rate and body temperaggeond, techniques based on the
driver's performance, such as steering wheel mowsnand lane tracking. The third

category is techniques based on both the drivensent state and the driver's performance

(Wang, Yang, Ren, & Zheng, 2006).
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Fatigue Detection
Techniques

Driver's Currrent State Driver's Performance

Driver's Current state
and Performance

Figure2-3: Fatigue detection technique.

2.7.1Methods Based on Driver Performance

The techniques used to detect fatigue throughridyiperformance are more convenient since
they don’t require the use of wearable or invasgasors. Besides, many modern cars are
equipped with systems that measure the driver'st;ipuch as the steering wheel angle and
the force applied on the pedals. From our pointiefv, these techniques should take into
consideration that the driving performance is a#édcby factors other than fatigue, for
instance weather conditions, the driver's expeeeraad road conditions. These are obstacles

that these methods should overcome.
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The majority of the studies in this area have fedusn lane tracking to detect a driver’s state
based on his/her driving performance, and someesuthve combined this method with
distance tracking of the driver’'s car and the cafront (Wang et al., 2006). Also, several
studies were conducted to detect the driver's datiy analysing the movements of the

steering wheel.

2.7.1.1 Steering Wheel

The approach of (Sayed & Eskandarian, 2001) ofatietp fatigue through steering wheel
data, has achieved satisfactory results (89.9 pesmuracy rate). Their method is based on
the detection of small corrections that the drivetkes on a highway, in order to keep the car
in the center of the lane. The recorded data is tbe to aNeural Network According to the
study, this method can only be applied on straigi#ds. Also, it does not take into
consideration the effects of various weather caoonkt on the driving; a driver probably

drives differently when it is snowing or rainingathwhen it is sunny.

(King, Mumford, & Siegmund, 1998) also develop&datdgorithm to detect fatigue by using
three weighting functions in time, frequency andgdgdomains to quantify different steering
wheel inputs. Some of the quantified inputs are dhiek and sudden movements of the
steering wheel, as shown in Figure 2-4, which maycorrections applied to the steering
wheel because the driver was inattentive for atsihme. The power spectra for the angle

and the angular velocity were also used as inputs.
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Figure2-4: Early and late driver steering behaviour ia time domain (King et al., 1998)

(He, Li, & Fan, 2011) proposed an algorithm to comepthe correlation coefficient between

the lane and the steering wheel angle. The cotledtda was fed to a Bayesian Network
model that is able to detect fatigue. Accordinghe authors, the results of this approach
were effective, achieving 79% accuracy. This moda$ an advantage since it is non-
intrusive, but it also has some drawbacks. Thisesysdoesn’t take into consideration how
people vary in their manipulation of the steeringeel, or how they steer. Therefore, it is not
considered an accurate system for detecting fatigakess it is combined with a different

approach, in order to overcome its current drawbdkle et al., 2011).
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(Thiffault & Bergeron, 2003) conducted a study ba &ffect of the monotony of the road on
fatigue. The frequency of small (1-5°), large (6391@nd extreme (>10°) steering wheel
movements were recorded. The results indicatedceedse in the small movements of the
steering wheel, while the large movements increabéglire 2-5 shows that users made
larger steering wheel movements on road (A). Tiferdince between road A and B was that
road A had repetitive roadside stimuli, which médaore of a monotonous road, in contrast
to road B. Indeed, according to the author, thegmee of large steering wheel movements

might be used as an indicator of fatigue basedherempirical observations in this study.

<OzZmcpmmom

5 Min Blocks

Figure2-5: Frequency of large steering wheel movemert#fault & Bergeron, 2003).
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2.7.1.2 Standard Deviation of Lateral Position

Lane departure is widely considered as an indiaatdrowsiness, and it can be calculated as
the standard deviation of lateral position of tlz&. cThe SDLP has been used by several
studies such as in (AKERSTEDT et al., 2005) to shearements in driving performance.
(Ingre, AKerstedt, Peters, Anund, & Kecklund, 20@86nducted a study and found that the
SDLP increased as KSS ratings increased. For iostalSS ratings of 1, 5, 8, and 9
corresponded to a SDLP (in meters) of .19, .26, @&l .47, as shown in Table 2-1.
However, some drivers in the experiment rated thleepiness at 9 in KSS, yet their SDLP
did not exceed .25. Also, it has been reported s tracking variability increases with

prolonged wakefulness.
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Table2-1: (Ingre, AKerstedt, Peters, Anund, & Kecklugap6).

Parameters SD of the lateral position (m) Eye blink duration (s)

KSS ieveis mean SEM mean SEM

| 0.1911 0.0632 0.1023 0.0084

2 0.2123 0.0513 0.1109 0.0066

3 0.2211 0.0421 0.1137 0.0050

4 0.2421 0.0441 0.1184 0.0053

5 0.2615 0.0463 0.1183 0.0057

6 0.2573 0.0416 0.1190 0.0049

7 0.2774 0.0415 0.1250 0.0049

8 0.3576 0.0405 0.1402 0.0047

9 0.4654 0.0395 0.1512 0.0046

Wald test of factor df 1: (P-value) df 7_2 (P-value)
KSS 8 80.54 (0.000) 8 104 (0.000)
Random effects SD SE (P-value) SD SE (P-value)
Intercept 0.1008 0.0264 (0.000) 0.0096 0.0028 (0.000)
KSS 0.0669 0.0084 (0.000) 0.0098 0.0013 (0.000)
Error 0.0952 0.0035 0.0134 0.0005
Log-likelihood 323 1136

The table shows estimated means (mean), standard error of the mean (SEM) and the standard deviation (SD) with standard error (SE) of the
random effects. A Wald test was used to test for significance of the KSS and a one-degree-of-freedom likelihood ratio test was used to test for
significance of the random effects. The models included 10 subjects and a total of 424 observations.

(De Valck & Cluydts, 2001) conducted a study ontipfly sleep deprived drivers, to study
the effect of 300mg of slow-release caffeine orvidg performance. The lane and speed
deviations decreased after taking the caffeine dmseshown in Figure 2-6. The study

concluded that the lane and speed deviations wghehwhen drivers were sleepy.
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Figure2-6: The effect of caffeine and time on bed onidgwerformance (De Valck &
Cluydts, 2001).

(Moller et al., 2006) evaluated driving performatugetracking the car position in the lane as
well with speed deviations and reaction time. Tégults showed a statistically significant
difference between the recorded value of lane ingcikn the morning and the afternoon,
indicating a performance decrement when the frecqeh microsleeeps was higher in the

afternoon.
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However, some drivers might fall asleep withoutraying the lateral position of the car. In
other words, they might experience microsleep, artdchnique that depends only on the
car’s lateral position might not detect that if tageral position did not change, according to
(Wang et al., 2006). Besides, the driving styleedd from one driver to another, which
makes it difficult to detect fatigue through SDLiAce for some users it does not increase

significantly, as in (Ingre, AKerstedt, Peters, Adu& Kecklund, 2006).

2.7.2Method Based on Driver’'s State

2.7.2.1 Eye

A driver's eye behaviour can provide reliable imh@tion about his/her alertness; therefore,

capturing these behaviours can be a good inditatdatigue (Wang et al., 2006).

In order to detect fatigue through a driver's eyles eyes first have to be located. Most of the
research that is conducted in this area can bedativiinto two categories: passive

appearance-based, and active IR (Infra-red) basgtaus. The substantial idea of the first
method is that the eyes have a different appeardracethe other parts of the face. In this
method, one of approaches to locate the face whbeldsed such as neural network or a

technique based on skin colour based. Once theiddoeated, the eye region is spotted, and
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then the eyes are detected by the eye windowsh®ather hand, the second method, active
IR, uses the bright effect of the pupil to detdwt eyes. The higher contrast of the pupil
compared to the other parts of the face can notabhlyance eye tracking accuracy and

robustness (Wang et al., 2006).

(Eriksson & Papanikotopoulos, 1997) located thesdyy locating the face in grey images,
using a symmetry-based approach. The system tlopoped detects whether the eyes are

open or closed, by using template matching.

PERCLOSE stands for Percent Eye Closure, which me#hod that detects fatigue by
calculating the percentage of the total time thatdriver's eyelids are closed over a specified
period. If the percentage is 80% or more, the driganost likely to be sleepy (Dinges &

Grace, 1998).

However, there are some considerations that shmitdken into account according to Horne
and Reyner such as lights of incoming vehiclessidetlighting, air temperature and the state
of the ventilation system in the car. Furthermai@yers might not be comfortable with the
use of a camera to detect their fatigue, due teapyi issue. Besides, wearing glasses may be
an obstacle to detecting driver’'s eyes. There @s®, other considerations that have been
addressed by several research studies. For instaide® instability that resulted from the
vibrations of the car can be reduced by using aedy of repeat confirmations of detected
facial features in successive images (Yao et @O}
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2.7.2.2 EEG

The EEG is known to be a very reliable and accuratEator of fatigue (Erwin, Volow, &
Gray, 1973). EEG measures the electrical activitthe brain through electrodes placed on
the scalp. This electrical activity reflects thenta state of a person as shown in Table 2-2.

Therefore, the changes in the mental state sutieiag asleep, awake, alert or fatigued can

be identified through EEG (Wilson & Fisher, 1995).

Table2-2: EEG signal characteristics.

EEG Signals Frequency Range Characteristics
Delta 1-3Hz Deep sleep
Theta 4-7HZ NREM stage
Alpha 8-13HZ Relaxed state
Beta >14 HZ Active state
Delta rhythms:

Delta rhythms are slow, less than 4 Hz, and theyaasign of a deep sleep.

Theta rhythms:

Theta rhythms are about 4-7 Hz, and have great@litasie than the other waves. These

rhythms reflect different psychological states sashhypnologic imagery, and a decreased

level of alertness during sleepiness.
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Alpha rhythms:
Alpha rhythms are within the frequency range 0f38Hz, and have higher amplitude than

Beta waves. These rhythms are present during sectlstate.

Beta rhythms:
Beta rhythms are the fastest, 13-30 Hz, and hagesthallest amplitude compared to the

other waves. Beta rhythms indicate a state ofrades.

Sleep states can be categorized into two categoapsl eye movement (REM) and non-
rapid eye movement (NREM). The NREM stage has &bages: 1, 2, 3 and 4, according to
sleep scoring standards (Rechtschaffen Kales).4.).

Normally, people slide through the four stageshefNREM stage and into the REM stage in
a repetitive cycle, every hour and a half. SinaeHEG is considered a reliable indicator of
fatigue, it has been used by many researcherslidate and compare the results of their
methods of fatigue detection, rather than as guatidetection method itself (Wang et al.,

2006).

(Papadelis et al., 2006) concluded that EEG carceikly reflect the changes that happen a
few seconds prior to sleepiness/drowsiness whikindy, and the measurements of those
changes can indicate potential drowsiness. (LahigzorBoord, Kirkup, & Nguyen, 2003)
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conducted a study to examine the psychophysiolbgargations as a result of fatigue. Their
results show a notable increase in Delta and Tdetteity when subjects are fatigued. (Lal et
al., 2003) presented an EEG algorithm that is abietect fatigue in simulated conditions.

(Torsvall & aAkerstedt, 1987) conducted a studyldrtrain drivers by using the EEG. The

study showed an increase in low frequency EEGsadbatantial sign of fatigue.

Based on several studies, EEG is considered ablelimdicator of fatigue. Yet, it is
considered difficult to obtain the EEG signals malr life situations. Signal noise and
especially drivers not being comfortable with thEGEsensors are considered obstacles in

the implementation of this detection method in téel

2.7.2.3 Facial Features

The analysis of facial expressions consists ofetimigases: detection of the region of interest
such as eye or mouth, identifying the expressio, taacking the expression. (Fan et al.,
2007) located and tracked the movements of theedsivnouth using a CCd camera to detect
fatigue when the driver yawned. In their study, @§aCenter was used to detect the driver's
face, and Gabor wavelets were used to extractreektatures from the corners of the driver's
mouth. The results of the study show that Gaborff@eents are better than geometric
features to detect a driver’s yawning, with a 95%rage recognition rate.

In (Saradadevi & Bajaj, 2008) driver fatigue isntléed by detecting a driver's yawning.

Support Vector machines were used in order to tdgening an alert fatigue.
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In many previous works, there were common assumg@tidbhese assumptions are: frontal
facial views, a stable lighting source, and illuation. However, in real life, these

assumptions are not always true.

An important limitation of some the physiologicaldicators of drowsiness is that that
physiological signs of drowsiness that occur belthrel wheel are different than those that
appear in bed, since the driver is motivated ty staake (HORNE & REYNER, 1996).
Moreover, drivers might not be comfortable usingaanera, since many people associate the
idea of installing a camera with a violation of ithgrivacy; besides, using cameras to detect
driver’'s fatigue might not be reliable duo to ligimg, stability, and other issues such as
wearing sunglasses. This might explain why methbdsdepend on the use of cameras have

not been implemented by car manufactures yet,agdwést of our knowledge.

2.8 Criteria of Fatigue Detection Systems Based on Dnng Performance

According to (Liu, Hosking, & Lenné, 2009), vehiddased measures should be calculated as
averages over time, because these measures ammsiant over time. For instance, the
variables of driving performance that were acquiredifferent time intervals and reported
in (Thiffault & Bergeron, 2003) are not constaneotime. Furthermore, they concluded that
shortening the time window may increase false adasince the system would detect just
noise. In contrast, a significantly longer time damv may lead to missed true alarms (Kwon

& Lee, 2002). Indeed, if a driver drives on the saimack repeatedly, the recorded driving
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data would rarely be identical. Therefore, it sldobe calculated as averages over time,
which what we have considered in our approach dkasethe maximum. Moreover, the
accuracy of the system would decrease if the timedow is too short or long. A two
minutes time window that we considered has beetaldei for our experiment that was
conducted on a 3D driving game. In the driving gausers could finish the track within few
minutes. Therefore, the track is considered to igrificantly smaller than real life. As a
result, the size of time window could be carefuligreased in real life since over increasing

may decrease the accuracy of the system.

Fatigue detection techniques that are based oivar'drbehaviour need to address the issue
of individual differences. (Brookhuis, De Waard,R&irclough, 2003) shed some light on
this issue by referring to differences between hlbe@nd relative criteria. In the former, the
criteria can be applied to all drivers, whereaslétieer can only be applied to some drivers.
According to (Liu et al., 2009), individual diffexees were overlooked in some studies
because they used the averages from all driversefample, in (Ingre, AKerstedt, Peters,
Anund, & Kecklund, 2006) the results of each driwere presented, therefore displaying the
differences in their driving performances. Indeiedjvidual differences are not only present
in techniques that are based on driver’s performabat also in techniques that are based on
physiological signs. For instance, individual diffieces are present in EEG (Cacioppo &
Tassinary, 1990). To overcome the issue of ind@idiifferences we consider personalized

Bayesian Network (PBN). In order to demonstratedtfiect of this issue on the accuracy of
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the system, we will compare the results of the (PB& a not-personalized Bayesian

Network in Chapter 5.

In addition, using multiple sensors or measuresidtect a driver's level of fatigue may
increase the accuracy of the system, as well aslitility. Indeed, using a single measure
or sensor to detect a driver's drowsiness may beliable in some situations (Renner &
Mehring, 1997). For example, wearing sunglasses pnayent the success of the techniques

that detect fatigue through eye movements.
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Chapter 3 Bayesian Network

This chapter provides a brief overview of Bayed\mtwork and its advantages including

an example of BN.

3.1 Definition

A Bayesian Network (BN) represents joint probapiliistribution and domain knowledge
using a graphical diagram that contains variabte#ied nodes, and arrows linking these

nodes, which represent the relationships or inddgecy among these variables.

(Pearl, 1986) explained the principles of BNs amavHinks between variables can be
guantified with conditional probabilities. BNs hatiee ability to reason under uncertainty
(Nielsen & JENSEN, 2007). BNs can effectively pda®iia method for representing the
knowledge about uncertain variables by combinirigrggnowledge with the observed data.
BNs also have the ability to utilize expert knowded which is beneficial when there is
missing or limited data about a variable, or whba tlomain itself is very complicated

(Nielsen & JENSEN, 2007; Pearl, 1986).

3.2Why a Bayesian Network

According to (Ji, Lan, & Looney, 2006), fatigue eetion process faces several challenges.
For instance, the phenomenon of being fatiguedisdirectly observable. Yet, fatigue can
be detected through its signs, for example yawnitgp, some fatigue signs differ from one
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person to another, depending on age, health, ahdr diactors. Therefore, sensory
observation might be incomplete or uncertain. Hoesé reasons, the complexity of
accurately detecting fatigue may require the usepubabilistic methods, evidential

reasoning, neural networks, and fuzzy theorieset(ai., 2006) concluded that BN advances
the other methods due to a better ability to manageertainty, capture dependency among

network variables, and deploy prior knowledge.

(Jayasurya et al., 2010) conducted a study to coemPhl accuracy to the Support Vector
Machine (SVM) in predicting two-year survival inmamall cell lung cancer. Both BN and
SVM were trained on 322 inoperable non-small calhg cancer patients. The study
concluded that the BN network is as accurate asSWM. Yet, BN accuracy is better than
that of the SVM when the tested data set had ngseatues. Therefore, according to the

study, BN is more efficient for use in the fieldrakdicine since it involves missing data.

Furthermore, (Heckerman, 2008) summarized the berwf BN starting with its ability to
handle incomplete data sets. Another benefit iabity to learn about causal relationships.
Indeed, this ability could be helpful in understemgda problem domain. Also, BNs have the
ability to incorporate prior knowledge and datanedl as the ability to avoid the over fitting

of data.

The aforementioned abilities would allow BN to ax@ne the obstacles caused by the
differences among drivers, when detecting fatigneother words, drivers have different
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styles of driving, and even the same driver chahggker driving style according to weather
or traffic conditions. Therefore, with its ability learn and manage uncertainty, BN can

adapt to such differences and accurately detagufat

3.3 Uncertainties

Uncertainty has been described by Dr. Hubbard the: fack of certainty, a state of having
limited knowledge that makes it nearly impossibde predict the exact outcome”. The
importance of probabilistic systems rose with thet fthat logical systems or rule based
expert systems could not predict or take into afersition all the possible events. For
example, smoke indicates fire, but that is not ghvarue. Indeed, the existence of
uncertainty in both the professional and scientmrld has led scholars to design methods
or tools to address this issue as event depen@srd. of the most effective methods of
dealing with uncertainty is using probabilistic ®yms. Bayesian Network presents the
probability as the degree of belief that the hypsth is true. Moreover, BN can update the

degree of belief with the arrival of new informatior data.

3.3.1Parameters Learning

An Expectation Maximization (EM) algorithm was udedhe learning parameters process.
EM algorithm is considered to be effective in tharhing process when the training data set
has missing values. The algorithm has two stepgeébation and Maximization, used to

calculate the maximum likelihood estimates of tlaeameters. In the Expectation step, the
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missing values are assumed based on the expestatidhe random variables, conditional
on the observed data. In the Maximization stepew estimate for the missing value is
assigned by computing the expectation of conditidog likelihood of the complete data
with respect to posteriors of the missing/hiddernialde and maximizing it. The process is
then repeated. As a result, the log likelihood gahill increase after each repetition. This
process of repetition will stop if the differencetWween the log likelihood of two consecutive

repetitions is sufficiently small.

3.4Inference

After the learning phase, the BN is able to ansgrebabilistic queries on variables in the
network. Calculating the posterior of a node a#tatering the evidence, the value of the
remaining nodes, is called probabilistic inferenthe node of interest in our network is

Fatigue. Therefore, the inference was performethsmnode.

3.5Example of Bayesian Network

Wet grass is one of the famous examples for theafisBN (Alpaydin, 2004). In this
example, the grass is wet either by rain or byrankler. Applying BN to this case enables
us to know the probability that the sprinkler wasg that it rained, or that the grass is wet.

First, we create a Directed Acyclic Graph (DAG)tbis network as shown in Figure 3-1.
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The DAG consists of nodes and arcs between therh ridgaresent the conditional

independency.

> i 7 i
SPRINKLER RAIN

Figure3-1: DAG wet grass.
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Figure3-2: The conditional independency of the nodes Atbf wet grass.

As shown in Figure 3-2, we have three nodes: Sf@inRain, and Wet grass, as well as arcs
between them that show the cause and effect redtip. We know that rain causes the grass
to be wet and not the opposite. In this examplekma@av that it rains on 40% of the days in
the year, and that the probability of the grassirggicompletely wet on one of these rainy
days is 90%, while 10% of the time the grass woll get completely wet as the rainfall is too
little. Also, there is a 20% chance that the gmaisbe wet on a non-rainy day, because the

sprinkler.
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Since it rains on 40% of the days of the year, wevk that 60% of the time it does not,
P(=R)= ,6. Furthermore, there is a 10% chance ttiatgrass will not be completely wet
when it rains, P(-W|R)=,1. Also, the probabilitiytbe grass not being wet since it did not

rain is 80%, P(-W|-R)=,8.

Given that the grass is wet, we can use Baye’'s R(R|W), to know if it rained or not, as in

3.1.

P(W|R) P(R) (3.1)

PRIW) = —— )

where P(W) is the probability that the grass is,wéher because of the rain or not, and can

be obtained by equation 3.2.

P(W) = P(W|R) P(R) + P(W|-R) P(—R) (3.2)

Therefore,

P(W|R) P(R) (3.3)

P(RIW) = P(W|R) P(R) + P(W|=R) P(=R)
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9 X 4 B (3.4)
9 X 4+ 2 X .6

P(RIW) =

We know that the probability of the grass being Wt rains is 90%, yet we do not know
the probability of the grass being wet if the skieén is on. Therefore, we can also use Baye’s
rule to infer the probability of the grass being Wwecause of the sprinkler by equation 3.5.

P(W|S) = P(W|R,S) P(R,S) + P(W|=R,=S) P(=R,=S) (3.5)
Since the nodes “Sprinkler” and “ Rain” are indegiemt in this graph, P(R|S) = P(R).

Therefore,

P(WIS) = P(W|R,S) P(R) + P(W|=R,=S) P(=R) (3.5)

P(WIS) =95 X 4+ 9 x .6 = 92 (3.5)
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Chapter 4 Proposed System

According to Renner and Mehring (1997), it is naffisient to detect fatigue based on
driving performance using a single parameter. Tiheee in order to detect fatigue through
driving performance, we collect data from severirses. Furthermore, we include some
contextual data that have effects on fatigue ovimlyi performance. Also, driving style

differs from a driver to another, and even for saene driver it would differ depending on
driver’'s mood, traffic and environment conditiofitierefore, using multiple parameters such
as steering wheel, pedals, and grip force mayatetleving performance more accurately

than using only one of them.

4.1 Requirements

In order to detect fatigue accurately, the systeedrto address the following factors:

The system should detect fatigue accurately.

The system should avoid using any intrusive or afglarsensors when it is possible.

The system should be context aware since drivimppeance differs depending on weather

and traffic.

In order to detect fatigue through driving perfono@, the system should use data that

reflects the driving performance, such as the ftata the steering wheel and the pedals, and
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the system should overcome the issue of individliérences since users have different
driving styles.
4.2 Architecture Overview

We propose a personalized Bayesian Network to tetacer’'s fatigue. The main goal of

our approach is to detect fatigue accurately withusing intrusive or wearable sensors.

The Proposed Model

Discretization

Datafrom the
SeNnsors

Passing the data to
Bayvssian Network

Bayesian

Fatigue Detected

Figure4-1:An overview of the system architecture.

The system uses data that can be acquired frommaodes such as the steering wheel angle
and the pressure applied to the pedals. Alsocbigext aware and can therefore work under
various conditions. Moreover, the system consitegatids the data from the steering wheel,
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pedals, and pressure sensors every 0.1 secondgvandtwo minutes the system detects
fatigue through the collected data after the diszaBon process. Figure 4-1 shows the
system architecture which can be summarized aswellafter passing data from the sensors,
the data will be discretized. Then, Bayesian Nekwuaill detect fatigue, and when fatigue is

detected the alert system may be provoked. Alsathdn fatigue is detected or not, the

system will continue to seek fatigue every two nésu
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Figure4-2: DAG of the proposed system.
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Figure 4-2 shows the DAG of our BN. As can be sdba, weather affects the driving
performance. For example, driving in sunny weath#ers from driving in snow. Different
weather conditions require different styles of ohgv In snowy weather, drivers may
experience some sliding or drifting that makes thsteer hard or consistently in different
directions, in order to control the car. The effeof various traffic conditions are also
reflected on the driving performance. For instanlcejing in heavy traffic requires the driver
to use the brake more than usual, since he/shesneetiop repeatedly. Furthermore, as seen
in the literature review, fatigue causes the disvgrerformance to deteriorate. Also, the
performance of the driver differs depending on \wbkethe driver is alert or fatigued, as will
be shown in the next chapter. Therefore, the “Wa&tHTraffic”, and “Fatigue” nodes
affect the following nodes in our network: “The nraxm angular velocity of the steering
wheel”, “The average angular velocity of the stegrivheel”, “The maximum gas pedal
pressure”, “The average gas pedal pressure”, “Thrimmum brake pedal pressure”, “The

average brake pedal pressure”, “The average grge’fo

Moreover, as indicated by several studies, fatiguaffected by the time of day. There are

two sleep peaks in the day, which are in the midrabon and in the early morning. Hence,

the node “Time of Day” affects the node “Fatigue”.
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4. .3PBN Parameters

The main goal of a BN is inferring the unobserveérg from the observed data. In our
Personalized Bayesian Network, fatigue is what mtend to infer from the information
available. There are many factors that contribatéatigue, as well as to its symptoms. We
used several parameters to obtain the informababhwe believe these parameters can be
easily acquired in modern cars since most modens\f@ve computing facilities controlling

their functions. Also, they do not require intrusior wearable sensors.

In order to detect fatigue through driving perfono@, we collect data from the steering
wheel, the pedals, and the pressure sensor. Furbher we include contextual data that has
been proven by several studies to affect fatigukaarthe driving performance. Indeed, it is
not sufficient to detect a driver's fatigue based driving performance through a single
parameter. (Renner & Mehring, 1997) state that:tfMdngoing research it became evident
that lane departure warning and lane position patars reflect only one facet of the
performance decrements within fatigued drivers.afigiied driver can actually keep his
vehicle perfectly in the lane, provided the vehicbading is coincidentally appropriate for
the road curvature ahead. In our studies we foundence for intentional short nap on
straight road sections, on which the vehicle padls perfect, but the driver was incapable to
react upon any unexpected event (e.g. front endlsiool). In order to prevent these
dangerous situations of good lateral control withoeaction readiness, a more complex

drowsiness detection technique had to be develbped.
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Moreover, driving styles differ from a driver to aher, and even for the same driver,
depending on driving and environmental conditiohiserefore, using multiple parameters
such as the steering wheel, the pedals, and thdayde may reflect the driving performance

more accurately than using only one of them.

4.3.1Maximum Angular Velocity of the Steering Wheel

Fatigued drivers have a slower response time athekceeased level of attention. Therefore,
recording the maximum angular velocity enablesouddtect a driver's sudden movements,
which usually occur as a result of fatigue and paying attention to the road and the
environment. The angular velocity is calculatechgghe equation 4.1.

(4.2)

A x
Angular velocity = =t

Where x is the angle and t is the time.

4.3.2Average Angular Velocity of the Steering Wheel

Several studies were conducted to detect fatigueguthe steering wheel. (Sayed &
Eskandarian, 2001) detected fatigue with the stgemvheel by detecting the small
corrections that drivers applied to the steeringelh(Takei & Furukawa, 2005) applied the
Chaos theory on the data of the steering wheeleasgjnals, processed by fast fourier

transform, in order to detect the changes of teerstg wheel motions.
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To keep the car in lane, the driver generally loalseep adjusting the steering wheel. As the
driver becomes fatigued, these small correctioag & diminish. Depending on the severity
of the fatigue, the driver may eventually run d@fétroad, or go off lane. In the latter, when
the driver notices that he/she is going off laries triver usually would apply a strong

movement to the steering wheel to get back in ldnis; may be considered as a sudden

movement due to fatigue.

4.3.3Maximum Pressure Applied to the Gas Pedal

In our experiment, this parameter may not havegaifstant effect. The pedals used in our
simulation were different than those used in rdal In terms of size and resistance. Also,
the acceleration in the 3D simulation game is diffie. It was noticed that users often pushed
the gas pedal to the maximum when they wanteddela@te; this happened at least once in
every two minute period. Thus, the values of theslenwere the maximum in most of the
cases, for each user. In other words, this paramaght not have a significant effect in the
experiment due to the fact that the experiment e@sducted in a driving simulator. It
should be noted, however, that this parameter nepdneficial in real life since it is

considered to be a factor that reflects drivingqrenance.
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4.3.4Average Pressure Applied to the Gas Pedal

Drivers adhere to the speed limits assigned tadhds. In order to maintain speed, drivers
keep adjusting the pressure applied to the gasige8anilarly to the small corrections
applied to the steering wheel, the minor adjustsiemthe gas pedal would be reduced as the
driver becomes fatigued, which could be a factat #xplains the association of excessive
speed with sleep related accidents. (De Valck &y@is, 2001) calculated the speed
deviation (i.e. the mean of the differences in koflihe speed of the car with the assigned

speed limit), and found it higher in fatigued drive

4.3.5Maximum Pressure Applied to the Brake Pedal

The maximum pressure applied to the Brake pedahiminglicate a sudden movement from
the driver, due to inattentiveness. Alert driveesy mttention to the road and the signs.
Indeed, fatigued drivers may misjudge the requdistance for stopping, or overlook road
signs or other objects. Consequently, fatiguededsiimay apply more force brake than they

usually would.

4.3.6Average Pressure Applied to the Brake Pedal

Drivers use the brake pedal in many situationsh sag when correcting their speed if it

exceeded the limit, or slowing down to keep a shtance from the vehicle in front. A
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fatigued driver has slow reaction time and laclkatiéntiveness to the environment and the

other vehicles, which can be reflected on the ayeeaessure applied to the brake pedal.

4.3.7Grip Force

A driver's grip force generally starts to dimini# a result of the muscles becoming relaxed
due to fatigue. A decrease in the grip force caoeftect fatigue (Chieh, Mustafa, Hussain,
Zahedi, & Majlis, 2003). Also, fatigued drivers teto change the way they grip the steering
wheel. For instance, some drivers may change tlséigo of their hands when they are
fatigued. Becoming more relaxed due to fatigue mighassociated with some involuntary
movements of the drivers. Therefore, placing pressensor all over the steering wheel
enables us to detect fatigue by capturing thosexgd®m Indeed, those changes might be
complex to interpret since drivers have differegtes in handling the steering wheel. Using

a personalized BN may handle such uncertaintiedesnrd the driving style of the driver.

4.3.8Time of Day

There are two sleep peaks in a day, which occuhéearly morning and in the mid-
afternoon (J A Horne & Reyner, 1995; Lenné, Triggdkedman, 1997; Pack et al., 1995).
Several studies have shown that the performandeivars would be impaired around these

times, and they would have slower reaction timen¢es, 2009; Mitler et al., 1997).
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4.3.9Weather and Traffic

As the driving performance is affected by fatigiias also affected by traffic and weather
conditions. The system takes into considerationeffects of various weather conditions on
the driving; a driver probably drives differentlynen it is snowing or raining than when it is
sunny. Driving performance is also affected byfitatonditions. Therefore, including this

information in the network would increase its aemyr
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Chapter 5 Experiment Setup

This chapter starts by providing details on theaapfus and software that were used in
conducting the experiment as well as the KarolinSleepiness Scale and its validity. This

chapter also explains how the experiment is coredlict

5.1 Apparatus

Several devices were used to set up the experiasesiiown in Figure 5-1. A “Super Sports
3X” steering wheel that comes with pedals was ueesimulate the driving experience. The
SuperSports3X Racing Wheebntinuously provides information about the stafethe
steering wheel and pedals. We also used a twofdree Sensing Resistor that is designed
to be used in human touch control of electric deviand robotics applications. Its sensor has
a thick polymer film that shows a decrease in tese with increases in the pressure
applied on its surface. The force sensing resistaonnected to an Ardino microcontroller

board. The microcontroller has been programmeadvi® rgadings every 0.1 seconds.
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Figure5-1: (a): Ardino microcontroller board. (b): Forsensing sensor. (c) Super Sports
3X.

5.2 Software

In order to collect the readings from the steemvitgel and microcontroller, an application
was designed using VB.net. The steering wheel otata up to 90 degrees, either left or
right. The steering wheel continuously providesoinfation about its current angle.

Similarly, the pedals provide information on howehuhey are pushed, which is referred to
as the amount of pressure applied to them. Hanrgihformation makes calculating the
angular velocity of the steering wheel and the gues applied to the pedal feasible.
Moreover, as shown in Figure 5-2, a 3D driving detar game, Driving Simulator 2011,

was used for the experiment as shown in Figure-ifally, the data was fed to a Bayesian

Network that was created by using Netica 4.16.
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Figure5-2: A screenshot of the 3D driving simulator game.

5.3 Karolinska Sleeping Scale

Karolinska Sleepiness Scale (KSS) is a subjectieepmess scale (Akerstedt & Gillberg,
1990). The 9 scores of KSS ranges from 1=very &edt=very sleepy as shown in Table 5-
1. Depending on the level of sleepiness, userstihaie sleepiness level by choosing one of

the KSS scores.

We used the KSS to compare the results in our stidieed, KSS is one of the most
commonly used subjective sleepiness scales, draibeen validated by several studies. For
instance, (Ingre, AKerstedt, Peters, Anund, & Kaokl, 2006) have demonstrated a

relationship between KSS, blink duration, and adaad deviation of the lateral position. A
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prolonged blink duration and a higher standardatex of the lateral position are associated

with a higher KSS level, 5-9 in KSS.

Also, (Gillberg et al., 1994) provided evidence floe validity of KSS by authenticating KSS
with the performance of laboratory tasks such asalivigilance and single reaction time
tasks. The experiment was conducted at night-tiem&l showed that the performance

decreased with an increasing tendency to sleagflasted by KSS.

Table5-1: KSS.

Level Description

Extremely alert

Very alert

Alert

Rather alert

Neither alert or sleepy

Some signs of sleepiness

Sleepy but no effort to keep awake

Sleepy, some effort to stay awake

O0OoooooooQ

O O|NOOPAWIN|F

Very sleepy, great effort to keep awake, fighsieep

Moreover, (Kaida et al., 2006) validated the KSSaiast EEG, and showed a high
correlation between them. With higher KSS ratintie number of lapses, the median

reaction time, and Alpha and Theta power densibyv&d remarkable increases.
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(Kaida, AKERSTEDT, KECKLUND, Nilsson, & Axelsso007) conducted an experiment
to predict performance errors using KSS, EEG, aattirate variability. The results showed
that these indicators have a significant correfatith the performance on a vigilance task,

and can therefore be used to predict performamoeser

(HORNE & REYNER, 1996) asked users to rate theepginess level in KSS every 200
seconds during the driving task. They found tha¢wel 6 in KSS was associated with a
minor lane departure, a departure that did not oatien the level of KSS was lower.

(Ingre, AKerstedt, Peters, Anund, Kecklund, et a006) asked the drivers to score their
sleepiness level in KSS every 5 minutes, and egtanidat the risk of major lane departures
for the average driver increased by 185 timesiéginess increased from 5 to 9 in KSS, with

respect to individual differences.

5.4 Experiment Hypothesis

T In this experiment, our working hypothesis isatzurately detect driver’s fatigue through
Bayesian Network without using intrusive or weaeabénsors. Most of the used parameters
in the model can feasibly be acquired in moderrs.cBforeover, drivers have different
driving style, which may be an obstacle in detertfatigue accurately through driving
performance. Yet, BN has the ability to learn adl &g the ability to manage uncertainties.

Therefore, the system should overcome this issdelatect fatigue accurately.
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5.5 Experiment Protocol

The users were asked to drive for few minutes téabeliar with the driving simulator. The
track in the games has some curves and straightesdgg of road; also it has one traffic light.
The total time of driving was one hour divided irsi® sessions, each session is 10 minutes
long. The users were asked to drive for three smessivhile they are fatigued. There are
approximately two sleep peaks in the day, in atemand early morning (J A Horne &
Reyner, 1995; Lenné et al., 1997; Pack et al., 19BBerefore, users were asked to drive
three sessions at these times. At these timedik#idood of users being fatigued would be
high due to circadian rhythms. Moreover, most usmsie to the lab in the morning;
therefore, they would probably be tired from workiaround 3-5 P.M. Also, the monotony
of driving games may be a factor in elevating psscef being fatigued. The other sessions
were at times where users would probably be fullialkee and not tired. The track and
driving conditions were the same for all the uséisers were asked to maintain a specific
speed limit that is suitable for the simulated roadld respect the traffic rules. After each
session, the users were asked to rate their ldvsleepiness using Karolinska Sleepiness

Scale (KSS), which is mentioned earlier in Secidh

5.6 Data Collection and Discretization

While the user is driving, the data from the stegrivheel, the pedals, and the pressure
sensor is collected every 0.1 seconds, in orderatoulate the maximum value and the
average value, every two minutes. The periodshod f acquiring data and making decision
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might be changed. Yet, reading data with long irdktime between readings might result in
missing some important readings or driver's reastidn contrast, long interval times may
decrease the reliability of the system to detetifjdi@ before accident happen. Furthermore,
making decision with short interval times may irage false alarms. In our experiment, the
driving session was ten minutes long. Thereforehaee five cases in each session since we
make a decision in every two minutes. Eventualby,sessions for each user generated 30
cases sufficient enough to perform the learninggss.
The system records the following data:

- The maximum angular velocity of the steering wheel.

- The average angular velocity of the steering wheel.

- The maximum pressure applied to the gas pedal.

- The average pressure applied to the gas pedal.

- The maximum pressure applied to the brake pedal.

- The average pressure applied to the brake pedal.

- The average pressure applied on the force sensirsps

- The weather information.

- The traffic information.

- The time of day.

Once the data is collected, it is discretized dmhtfed to BN. Indeed, all the nodes in our
BN are discrete, which means they have discretgegalEach node has a limited number of

states or values. For instance, the maximum andageeangular velocity nodes of the
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steering wheel have five states, as well as theageeof grip force. Also, the nodes for the
average pressure applied to the gas and brakespealed five states. However, the nodes for
the maximum amount of pressure applied to the gdsbeake pedals only have three states,

since the maximum values are fixed at 99 by theofsc

On the other hand, the nodes for traffic, weattiere of the day, and fatigue have two states.
Based on our experiment and the limited data we Wwadound that the number of states for
these nodes was appropriate for the experimentveMer, if the data is not discretized, the
nodes will have a larger number of states. Consetyevith the limited data we have, that
will result in a large number of missing data amauld significantly decrease the accuracy of
the system. For example, the maximum pressureapfdithe gas pedal ranges from 0 to 99.
Without discretization, this node would have 10fiesd instead of only three states. As result,
the system would have a vast amount of missing tlathe point where it could not make a
prediction. Besides, there is no significant difece if the pressure applied to the pedal was
60 or 61. For these reasons, we confined the nuwibstates for this node to three states.
Then, we fit the value acquired from the sensoo iahe of these states, by using the

following equation:

(Highest value recorded — Lowest value recordediniber of states

We can set a range of values for each state, anghas state to the node based on the value

acquired from the sensor.
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Moreover, the discretization process is done séglgreor each user, in order to optimize the

output of the network, with the limited data we aicgd
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Chapter 6 Analysis of the Data and Testing

This chapter shows the analysis of the data aadjdiem the steering wheel, pedals and
pressure sensor. The data demonstrates the issuediatiual differences among drivers,
which support our approach of using a Personalgagksian Network. Also, this chapter
provides detail about testing the system and ituracy. Furthermore, the result of the
Personalized Bayesian Network is compared to aparsenalized Bayesian Network in

order to demonstrate the effect of individual déieces on the accuracy.

6.1 Analysis of the Data

6.1.1Steering Wheel

The data collected from the steering wheel carecefthe driver's state. The differences
between how a driver steers while alert or fatigieedeflected in the data. The recorded

maximum angular velocity might reflect the suddesvements made by the driver.

Based on our observation, fatigued users more gfeoff lane, and keep steering widely to
stay in lane. Also, they tend to have difficultyuvilng straight for a long distance without the
car swinging/weaving. Moreover, in the survey oft@io police officers conducted by

TIRF, 84.2% of police officers consider frequemdachanging/weaving as a sign, among
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other things such as wide steering, of a fatigu#eed (Traffic Injury Research Foundation,

n.d.).

For most of the users, the values of the maximwearstg wheel angular velocity recorded
were higher when users were fatigued as shown lkeTé 1, and reached its highest value
when driving under that condition. Fatigued drivintay be categorized by a prolonged
reaction time and a decrease in the level of attenAs a result, a fatigued driver would
usually be in a situation that requires fast stepto avoid something or to get back to the
lane. In other words, the maximum angular veloadtythe steering wheel may indicate
sudden movements, which would be a result of fatigiriving. Also, Figure 6-1 and Figure

6-2 show some differences among users.

Table6-1: Average maximum angular velocity (degree/sdon

Users Alert Fatigued
1 125 109

2 99 127

3 129 95

4 191 172

5 67 124

6 53 82

7 91 98
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8 138 171

Total 893 977

Total Average 112 122
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Figure6-1: Maximum angular velocity (degree/second).
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Moreover, as shown in Table 6-2, the average angu#tocity shows some changes
according to a driver’'s state. Those changes depenthe driver's personality and other
factors such as the level of familiarity or expsetvith driving games, since the experiment
was conducted using a 3D driving game, and thectexu of small corrections that the
driver applies to the steering wheel to keep theicathe lane. Indeed, as it has been
observed that fatigued drivers generally couldstay in one lane and kept changing lanes,
especially in curves. Yet, other drivers did nobwha significant difference in these

instances as shown in Figure 6-3 and Figure 6-4.
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Table6-2: Average angular velocity (degree/second).

User Alert Fatigued
1 8.94 6.97
2 5.40 5.48
3 10.85 7.01
4 9.31 9.28
5 4.47 5.83
6 2.96 4.90
7 4.48 4.63
8 1.74 8.45
Total 54.15 52.55
Total average 6.77 6.57
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In conclusion, in a survey of Ontario police offiseconducted by TRIF, 92.4% of the
officers reported that they had stopped a drivepsating that the driver had been under the
influence of alcohol or drugs only to discover ttiay were fatigued instead (Traffic Injury
Research Foundation, n.d.). This might supporthymothesis that fatigue can be reflected
on the data from the steering wheel since impairackrs also tend to have difficulty driving

straight and steering normally.
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6.1.2Gas Pedal

An excess of speed is considered to be one ofltaeacteristics of sleep related accidents
(Pack et al., 1995). Also, 84.3% of Ontario polafécers associate inconsistent speed with
fatigued driving (Traffic Injury Research Foundatim.d.).

It is widely known that fatigue causes muscles #bax. As result, a driver might
unintentionally apply more pressure to the gas pedasing the speed to increase. Fatigue
also decreases the level of attention of the driera result, the driver might not be aware
of his/her current speed.

In our experiment, the data acquired data fromgtee pedal shows differences depending
on the driver’'s state as shown in Table 6-3. Inegaln the average pressure applied to the
gas pedal while driving fatigued is less than thierage when driving fully alert, which
indicates a lower speed. This finding might nattcadict other findings in different studies
that associate an excess of speed with fatiguee ifake into consideration the size and the
resistance of the pedal used in the experiment, is®vs place their foot on the pedal, and
their seating is different than in a real car. Ysgime drivers in the experiment recorded a
higher average of pressure applied to the gas paubd they were fatigued. This may shed
some light on the differences in the driving stybesween drivers, which shown in Figure 6-

5 and Figure 6-6.
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Table6-3: Average pressure applied to the gas pedal.

User Alert Fatigued
1 28.92 26.30
2 28.48 29.93
3 33.68 25.12
4 27.86 26.03
5 23.77 27.40
6 26.33 23.30
7 27.67 26.30
8 26.72 34.05
Total 223.43 218.42
Total Average 27.93 27.30
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Figure6-5: Average pressure applied to the gas pedal.
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Figure6-6: Average pressure applied to the gas pedal.

6.1.3Brake Pedal

The deterioration of a driver's performance as ltesti fatigue (Brown, 1994) might be
reflected on the usage of the brake pedal. Drivesesd the brake less when they were
fatigued. Furthermore, some of them missed thédright as a result of being inattentive.
The data indicates that drivers used the brake e when they were alert, in order to
correct their speed, slowdown in a curve when ngede stop when there was traffic as

shown in Table 6-4. Also, Figure 6-7 shows somikhces among users.

70



Table6-4: Average pressure applied to the brake pedal.

Users Alert Fatigued
1 2.22 0.96
2 1.42 1.09
3 1.53 0.41
4 1.32 1.11
5 1.17 0.64
6 1.21 0.71
7 1.47 0.58
8 3.00 4.17
Total 13.34 9.66
Total Average 1.67 1.21
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Figure6-7: Average pressure applied to the brake pedal.

6.1.4Grip Force

Fatigue can also be detected through grip forcen §€hieh et al., 2003). As mentioned

previously, fatigue causes muscles to relax, aedctilected data shows that the average
grip force for most users is less when they arigdatl as shown in Table 6-5. Yet, for other
users it is higher, and that could be result ofvilag they grip the steering wheel. Some users

would grip the steering wheel with a few fingersiletheir palms relax on the front of it;
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when these drivers are fatigued, they sometimeseptlaeir palms on the pressure sensor.
This shows us that driving behaviour differs fromeodriver to another as illustrated in

Figure 6-8 and Figure 6-9.

Table6-5: Average grip force.

Users Alert Fatigued
1 348 431
2 371 294
3 291 237
4 375 307
5 428 347
6 433 396
7 352 324
8 393 290
Total 2991 2626
Total Average 374 328
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Figure6-9: Average grip force.

6.2 Testing the System

A Bayesian Network was created by usMegtica4.16 (Neticais a registered trademark of
Norsys Software CorporationNetica has a graphical user interface, allowing us tce tak

screen shots and present them here.
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Figure6-10: A screenshot of the system.

In order to test the system’s accuracy, we followederal steps. First, since the system is
personalized, we created a BN with the same strei@s shown in Figure 6-10, for each
user. Then, we fed the system with the users’ migihdata, excluding the cases that would be

tested. Conditional probability tables in BN can d&stered manually, based on human
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expertise in the domain, or they can be learnenh fitwe data. In our experiment, the CPTs
were learned from the data, and they are diffefremb one user to another. Each user has a
personalized CPT, since driving styles differ frame user to another. As a result, the
inferred CPTs from the data of each user had diffevalues. For example, Figure 6-11
shows the CPTs of the average angular velocith@kteering wheel for three users, and we

can see the differences between them.

Fatigue Weather Traffic 1 2 3 4 5

1 1 1 6.25 43.75 6.25 25 18.75

2 1 1 21.429 14,286 21.429 7.143 35.714
Fatigue Weather Traffic 1 2 3 4 5

1 i i 53.333 20 26.667 6.67e-05 6.67e-05
2 1 1 6.667 33.333 26.667 13.333 20
Fatigue Weather Traffic 1 2 3 4 5

1 1 1 8.33e-05 16.667 58.333 25 8.33e-05
2 1 1 13.333 26.667 13.333 26.667 20

Figure6-11: Conditional probability tables of differergars.

After the learning process, the parameters of tNeM®uld be as shown in Figure 6-12.

77



Fatigue TimeofDay
ma:SW Aert 500 i T 500
120 Fatigued  50.0 - 2 500
2 300 ‘_,,_.f—-———"“
3 233 15205 15205
4 100
5 terjmm| [T
273213
aveSW
T 300 JNORher: Sl
2 267 T 100 p——
3 26.7 120
4 6867
5 100 f
24:+13
maxGas
1 0+
20+ [~~~ Traffic
3 100 / Y + 1 a0
3:00018 /ﬁFﬂ
/
//
aveGas L/
1 667
2 167 ] /_/
3 333 /
4 187
5 267 7
34212 v
¥
maxerake / i
merake 4
10 o 1 100 GripForce
90.0 2 20.0 1 133
28:03 3 267 2 233
2 4 300 3 267
5 133 4 187
317212 5 200
30713

Figure6-12: A screenshot of the system after updatingpdrameters.

To test the system, we then entered the paramefie¢he excluded cases from the training
data set. The parameters entered in BN are callettrece, and by using a junction tree
algorithm that BN provided, we inferred the unobeerstate, which was Fatigue as shown

in Figure 6-13. These steps were repeated for eseh
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6.3 System Accuracy

The result of the system was compared to the Keskdéi Sleepiness Scale (KSS). Several
studies have validated the KSS accuracy as mentioSection 5.3. Indeed, KSS is

commonly used to validate the result of fatigueeddn techniques as in (Gillberg et al.,

79



1994; HORNE & REYNER, 1996; Ingre, AKerstedt, PsteAnund, & Kecklund, 2006:

Kaida et al., 2006).

Moreover, there are two things that should be takemconsideration when it comes to the
system’s accuracy. First, the training data usethe learning process was considerably
small. Users were asked to drive for a total of boar, and the system was designed to
make a decision every two minutes. We therefore dy@aroximately 30 cases per user.
Indeed, the more training data we have, the mooairate the system will be. Second,
although all users had a valid driver’s licenseéyidg in a simulator is different than in real

life. We noticed that users who had experience witleo games were more comfortable
driving in the experiment. Most of the users diddaxperience with video games, but the
users who did not were not as comfortable with gheulator, which resulted in lower

detection accuracy for them, since their drivingswat as smooth as the rest of the users.

Finally, in order to have the users drive whileédgaéd, they were asked to drive at times
when they were most likely to be fatigued. Thesgeti were chosen based on studies that
determined peak sleep times. As a result, the piblyaof being fatigued at those specific
times of the day is very high. However, even if e&lude the Time of the Day node from

BN, the system is still accurate
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6.3.1Personalized BN

The BN for fatigue detection is personalized sitieedriving style differs from one driver to
another, as has been shown in the previous sedfdhs thesis. We designed a BN with the
same structure for each user, and it was traindyl lpnthe data acquired from this user.
Table 6-6 shows the average fatigue detection &heuser including the “Time of Day”
node as well as the average excluding the “Tim®ay’. The reason for including and

excluding this particular node is explained in pinevious section.

Table6-6: Average accuracy for the users.

User | User |User | User | User | User | User |User |average

1 2 3 4 5 6 7 8

Including 100 | 100 | 100 | 100 | 100 | 100 100  10d 100
"Time of Day"

excluding 97.36 | 97.98] 95.11 97.1f 99.05 89./8 915 98.57 195.8
"Time of Day"

6.3.2Generalized BN

In contrast to our proposed personalized BN, a giieN was tested. This generalized BN

has the same structure as shown in Figure 6-14rthedifference is that it is trained on the
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data from all the users. The learning process veisseparated for each user. Due to the

differences in driving styles, the generalized Bakwot as accurate as the personalized BN.

In order to test the generalized BN, we had toaeilte discretization process since the
maximum value of each node is the highest valuaindt among all the users, as is the case
with the lowest value. After subtracting the higheesd lowest values of the following nodes:
“Maximum angular velocity of the steering wheelAverage angular velocity of the steering
wheel”, “Maximum pressure applied to the gas ped@Verage pressure applied to the gas
pedal”’, “Maximum pressure applied to the brake pPedAverage pressure applied to the
brake pedal’, and “Average pressure applied onfdihee sensing sensor” the result was
divided by 5 as we did in the discretization praces$ the personalized BN. The average

accuracy without including the “Time of Day” hod@asv65%.
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Figure6-14: A screenshot of the system after updatingptrameters of all the users.

In another attempt to increase the accuracy, weeased the number of states for the
aforementioned nodes to 10 instead of five. Theaedor increasing the number of states
was that the range between the highest and thestoxaie was considered to be wide, since
the highest value could be reached by a user whldowest could be reached by a different
user. However, in this scenario, the average acguséthout including “Time of Day” was

68%. As we can see, the difference was not sigmificeven after increasing the number of
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states. Moreover, increasing the states more tigtnatould result in a significant amount of

missing data that might jeopardize the reliabitifyhe system.
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Figure6-15: A screenshot of the system after increasieghibdes’ states.
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Chapter 7 Conclusion and Future Work

This chapter concludes the thesis findings, angliges suggestions for future work.

7.1 Conclusion

Fatigue is a hazardous issue in transportatiorsicgla significant loss of lives and money,

every year. In order to save lives and money, iggge has to be addressed from different
perspectives and angles. For example, the medizdacate people regarding the possible
consequences of driving while fatigued. Indeed,ribed for an accurate system of fatigue

detection is rising since the number of fatiguated accidents is considered to be high.

Therefore, we propose a personalized BN with patara that can be acquired in modern
cars, as they are equipped with computing fadlitid’ersonalizing the BN overcomes the
issue of individual differences that form an obkam detecting fatigue accurately.
Furthermore, the conducted study yielded resultswsly a significant difference in
accuracy if the BN was not personalized. Finalhe proposed system does not use any
intrusive or wearable sensors, which makes it ncorafortable for drivers. Also, the system

has the ability to detect fatigue under variousditbons, since it has the ability to learn.
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7.2 Limitations

There were several limitations that accompanied #tudy. For instance, the size of the
training data set was small since users drove fity one hour. Also, the system was tested
on 8 users, which is considered to be a small nummbasers. Furthermore, the experiment

was conducted in a lab, using a driving simulator.

7.3 Future Work

The system has achieved satisfactory accuracycaetstill be improved. For instance,
adding more parameters to the system may incrémaseduracy and reliability. An example
of these parameters could be the duration of dyjvime age, and other parameters that could

cause or reflect fatigue.

This study was conducted on a driving simulatoricwimay be different than real life. Also,
the system was tested in one driving condition, @sel a small training data set. Therefore,

it may be necessary to test the system in realdifenore users, and in different conditions.

Moreover, the system could be improved by implemngna suitable countermeasure. The
countermeasure can vary from playing a warning doanusing a haptic feedback as in
(Rahman et al.) to sending warning messages t®e@adzed authority center or to nearby

cars.
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Furthermore, the BN can be dynamic, which givekatability to update its parameters. As a
result, this ability may increase both the accuracg the reliability of the system. A further

study to compare the results might be needed.
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