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Abstrac:

The predominantly urban roads of the ACT create a complex environment in which drivers must quickly
detect andrespondto changing hazards. This projeomprised three experimentiesigned taassess
FIOGO2NAR GKIFG FFFSOG RiNJisddinNGatioard dpécKidally expl@ingR S G S O
whether sleepiness impairs change detectamno previous published research had examined this.

Experiment 1 assess¥ I Ol 2 NB ( K | dhangde HefeStionisingRiddographicEstnuli

represening urban and rural drivingcenes. Accuracy, response time (RT) and eye movements were
measured. Participants showed superior change detection in rural compared with urban scenes, and for
changes involving road users, animals and traffic lights, compairehimate objects (signs and trees).

Experiment 2ised a modified version of the Experiment 1 task to explore the effect of sleep loss on
OKIy3aS RSGSOGA2y® t I NIAOALI yila O2YLX SGSR (KS OFK
sleep (8 hoursand once following a night of sleep restriction (5 hours). Sleepiness did not impair
accuracy, but was associated with increBR@& to detect changes in urban scenes. As in Experiment 1,
participants were more efficient at detecting changes to other teamls than static objects (trees and

signs) and were better at detecting changes in rural scenes compared to urban scenes

Experiment 3vasconducted in the CARRBadvanced driving simulatdarticipant®2 | 6 Af AG& (2
expected and unexpected changesile driving in simulated urban and rural areas emmpared when

alert (8 hours sleep) and sleepy (5 hours sle&dpep loss did nalignificantlyimpairdetection of

expected changesoweverthere wasa nonsignificant reduction idetection ofunexpected changes.
Participants werbetter at detecting changesith high safety relevance aimtlurban areagwhere

travel speed was low), compared to rural areas (where travel speeds were high)

Overallthis research suggests that drivers are betteradedting changes that involve other road users
and targets with high safety relevance. The impact of safety relevance is greatest in demanding
situations, e.g. when the visual environment is cluttered or at high travel sdwats.idimited

evidence thasleep loss impairs efficiency of change deteationsually clutteredirbanscenesFuture
research is necessary to understand the vulnerability of visual attention to sleep loss.

Key words Disclaimer
change detection; change blindness; sleep This report is disseminated in the interest of information
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1. Background

TheAustralian Capital TerritorAC) Road Safety Strategy 202020(ACT Government, 2011)
highlights impaired driving as a priority area. Fatigue or sleepiness is onehfactamsubstantially
impair driving performancé&leepinesselated mpairment affects not only motor skills involved in
vehicle manoeuvring, but also higkeder cognitive skills including visual attentiatihough diver
sleepiness izcognised leading contbuting factor in crashes and neanashes, implicated in
approximately 180% of altoadcrashesAkerstedt, 2000; Connor, 2009; Horne & Reyh@85) it is
difficult to objectively measure fatigue aad a resultrash records do not accurately refléoe true
nature or extent of sleepelatedcrashes.

Driver sleepiness is particularly likely to affect ACT drivers when making long interstate trips on rural
roads, but there is growing recognition within the road safety community that driver sleegiaéss i
responsible for a high proportion of crashes in urban areasrveyof ACT and NSW drivers found that
approximately 25% of sleeplated crashes occur in residential areas with speed limits of 50 km/h or
less and an additional30% occur on roadsith speed limits between 50 and 80 km/h (Armstrong et al.,
2013). Urban roads, such as those that form the majority of the ACT road network, present drivers with
unique challenges in that they include a greater variety of road users (i.e., pedestabsts, cy

motoristg and intersectionshave higher visual complexity, and the environment changes more rapidly
compared to in rural areas.

In lieu of accurate crash data, experimental evidence is vital for understanding the effects of driver
sleepiness andevelopingargeted interventions. Sleepiness has been associated with significant
impairments in simple tasks involving vigilance, psychomotor coordination, and reaction time, as well as
more complex cognitive processes such as information processingrmemd decision making

One area that has received relatively little attention to date is the effect that sleepiness has on complex
visual attention tasks, such as change detection. The ability to detect changes is crucial for safe driving:
in order to nake safe decisions we must notice when another vehicle has turned onto the road we are
driving on, when a bus starts indicating to pull out, or when traffic advisories have been updated with
new information. It is difficult to quantify the extent of craskmvolvingchange blindnessthe failure

to detect changes but research suggests that failure to detect vehicles or hazards is a contributing
factor in nearly 10% of serious injury crashes in Australia (Beanland et al.Th@1@&)rrent project

aimedto address this gap experimentally quantiipygwhether, to what extent, and under what

conditions sleepiness impairs change detection while driving

1.1.Project Objectives

The broad objective of this project was to examine hoepsless affects change detection (and, in turn,
road safety)The specific objectives were to:

1. Identify which types of visual changes are most difficult to detect in driving scenes.

2. Quantify the extent to which change detection performance varies betwaanglenvironments of
varying visual complexity (i.e., urban vs. rural roads).

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 6
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3. ldentify the impact of sleep loss on change detection for driving scenes.

4. Assess whether sleep loss has differential effects on performance in different types gfstévias
(e.g., urban vs. runabr for different categories of stimuli (e.g., vehicles vs. pedestrians)

~ A s oA 7

5. 90 fdzZ S RNAGSNEQ OKIy3aS RSIUSOGAZ2Y LISNF2NXI yO
while alert and sleepy across both urban and rural drivingamaents.

6.t NEOARS SOARSYOS NBIFINRAYy3I GKS STFFSOG 2F atsSs
form policy recommendations, education and awareness campaigns aimed at reducing the incidence
of driving while fatigued in the ACT and suridiag regions.

The project objectives were achieved through a series of three experimdht&ter studiesuilding

on findingdrom the earlierwork. Experiments 1 and\&ere conducted at the Australian National
University (ANU) in the Research Sch@ol ot & & O K 2tfackidgdaExpefndedt 3vasconducted

at Queensland University of Technology (QUT) in the advanced driving simulator at the Centre for
Accident Research & Road SafeQueensland (CARRS.

1.2.0Overview of Expanental Series

Experiment vasdesigned to assesactors that affecthange detection in alert driverd/e used

photographic stimuli represeinig urban and rural driving scenarios, ays$tematically manipulated the
types of changeshat occurred irbothSyY A N2 Yy YSy ia (2 adasSidaa RNAGSNAQ
of changing informatiorThe urban vs. rural distinction is important since drivers encounter different

types of hazards, and different amounts of visual clutter and complexity, acedsgtlenvironments.

Eye movementwererecorded using an Eyelink 1000 dsgcking system, which provides accurate

recording of eye movements in lsed tasks

Based on the results of Experiment 1, Experiment @ aisefined set of stimuli to explore pairments

in change detection that result from sleepiness. Experiment@aiseunterbalanced withisubjects

design, so that each driveompleted two change detection taskseomil SNJ | 322 R yAIKIQ:
one after experiencing sleepstriction (ie., a shorter periodsleep than normal)he two change

detection tasks were matched in terms of the types of changes that occurred and the relative difficulty
of detecting these changeSleep restriction was achieved by instructing participants to thedary

usual beetime by three hours on the night before the sleep restriction session, but to wake up at their
regular time. Compliance with sleep restriction was monitored through use of Body Media SenseWear
armbands, which record physical activity, btaiyperature and galvanic skin response, and therefore
provide an objective record of sleep and wake cyElgs.movementaere tracked using the same

Eyelink 1000 systeas in Experiment 1.

Experiment 3vasconducted in the CARRBadvanced driving simtibe to explore how sleep loss

affects change detection while actually driving. Experiment @aiseunterbalanced withisubjects
designsimilar to Experiment,2vith all drivers completinipree sessions: an initial baseline
familiarisation drive andtye 162 SELISNAYSy il tf RNAGS&sS 2yS T2t :
following a night of sleep restriction. All sessions were at least three daysvéffathe order of

normal sleep vs. sleep restriction counterbalanced between particifaath sessn involved driving

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 7
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several laps of a route that took them through an urban environnvégtit (oadsrepresenting parts of

Canberra including\dc, the inner north, Parliamentary Triangle, Commonwealth Avenue and

Northbourne Avenuegnd a rural environmensimilar to the types of roads in the region of rural NSW
neighbouring Canberr®uring the drive a number of expected and unexpected changes occurred and
RNAOGSNBRQ NBalLlRyasSa (2 GKSasS OKFy3aSa ¢SNBE NBO2NF
blaclout period during the simulation; drivers were required to respond to each blackout by indicating
whether a change occurred and describing any changes they observed. Unexpected changes occurred at
guastrandom points during the drive and drivers were instied to indicate and describe any unusual

events they noticed-or a subset of participantsy@movementsvererecorded using the faceLAB eye
tracking system, which enables recording of eye movements during naturalistic tasks.

1.3.Project Team and Statement of Contributions

This project was funded throughthe NRMA ¢ w2 R {F FSi& ¢NHzZIQA HAawmn
the project was announced in July 2014 and the project commenced shortly thereafter.

The original project team naed on the funding application was Dr Vanessa Bea#axid and Dr
Ashleigh Filthneg®QUT).

Dr Grégoire Larue (QUT) joined the project team in January 2016, when Dr Filthess moved to a new
position at Loughborough University in Englaardl Ms Alana Hawldr{QUT) was employed as a
research assistant with substantial responsibility fortdegay management of Experiment 3, including
data collection

Professor Mike Kyrios (ANMAs appointedhs formal project administrator February2016,whenDr
Beanlandnoved to a new position at the University of the Sunshine Coast.

Personnel involved in Experiment 1 included:

1 Beanland and Filtness were responsible for conceptualisation and design.

1 Shannon Webb (ANU research assistant) assisted with the creation afmexpal stimuli,
specifically taking photographs of driving scenes in the Canberra region.

1 Erin Walsh (ANU research assistant) assisted with the creation of experimental stimuli, specifically
editing photographs using image editing softwaradd and inse relevant objects.

1 Rhiannon Jeans (ANU research assistant) was responsible for programming the experiment using the
SR Builder software, participant recruitment and screening, data collection and initial data
processing.

1 Jolene Cox (ANU special topieglent) recruited a sample of participants to independently rate the
safety relevance of the change in each stimulus image used.

1 Beanland was responsible for advanced data processing and analysis, with input from Filtness.

1 Beanland and Filtness were respbtesfor write up and presentation of experimental results.

Pasonnel involved in Experimenirizluded:

1 Beanland and Filtness were responsible for conceptualisation and design.

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 8
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Jeans was responsible for programming the experiment using the SR Buildaresathd for the

first half of participant recruitment and screening, data collection and initial data processing.

Alex Smith (ANU research assistant) was responsible for the second half of participant recruitment
and screening, data collection and iditlata processing.

Beanland and Filtness were responsible for advanced data processing and analysis.

Filtness and Beanland were responsible for write up and presentation of experimental results.

Personnel involved in Experiméhncluded:

T
T

= =

= =4 -4

Filtness and Bedand were responsible for conceptualisation and design, with input from Larue.
Sébastien DemmeMindyLi(QUT research associgtand Laue wereresponsible for programming
the driving simulator scenarios.

Hawkins was responsible for participant reengiht, screening and data collection.

Wanda Griffin, Oscar Oviedo Trespalacios, David Rodwell and Adrian Wilson Wé&fésineulator
operators responsible for ensuring the safety of participdatgg data collection
DemmelHawkins, Larue and Filthessreresponsible for data processing.

Filtness, Beanlarmhd Laruevere responsible for data analysis.

Filtness, Hawkins, Larue and Beanlaack responsible for write up and presentation of
experimental results.
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2. Literature Review

Fatigue or sleepiness is one fadtwat cansubstantially impair driving performance. Impairment affects
not only motor skills involved in vehicle manoeuvring, but also hagder cognitive skills including
attention. Most research examining the impaxdtsleepiness on attention has employed basic vigilance
paradigms, andhere is currently limitedesearch examining the effects of sleepiness and sleep loss on
more complexvisual attention tasks. Thoeirrent project sought to address this deficit in tiberature

by amalgamatingomains of driver sleepiness acltange blindness, with the aim of exploring how
sleep loss affects change detection in complex naturalistic. tasks

2.1.Driver Sleepiness

Driver sleepiness represents a digant social and economic cost. Sleefated crashes account for
15-30% of all crashedKerstedt, 2000; Connor, 2009; Horne & Reyner, 1995) and are associated with
higher risk of death and severe injury than other pelggorted crashes (Horne & Reyn&#95). Unlike
alcohol intoxication, sleepiness aflatigue cannot be quantified and measured by an index such as
BloodAlcohol Concentration (BAChis is because fatigue can be regarded as a temporary,
psychophysiological state that is particularlfiaift to quantify in a redife driving situation (Radun et
al., 2013), consequently leading to artificial undgrorting

9mplyanalysin®d NI &8 KS & 0 | & $hi&ss @atsbasaiag belleAdin@td an undeeporting of
fatiguerelated driving becaus&CT figures are basedlelyon police repors, whichhavebeen

considered to be an und@stimate of the true number of fatiguelated crashes (Attewell et al., 2001).
Given the difficulties in objectively measuring fatigue and sleepiness in the riea{asoompared

with, for example, speed or intoxication where police may monitor and objectively record the extent of
violation), education and awareness campaigns that encourage drivers to monitor their own fatigue
levels are likely to be the most effiot way of reducing driver fatigue in the community.

A recent survey of 1,609 drivers from ACT and NSW found that most had experienced sleepiness while
driving in the past 5 years (Armstrong et al., 2011). ACT drivers were more likely than NSW drivers to
experience driver sleepiness (71% vs. 62%). More concerning, ACT drivers were also more likely to
continue driving despite feeling sleepy and were more likely to report multipleSBep | § SR a Of 2 2
O fife.anéarcrash incidents). Overall these residtiggest that ACT drivers do not take adequate
precautions to avoid driving while fatigued and that more work is needed to raise driver awareness of

the negative consequences of driving while sleepy

The undeitreporting of fatigue in police data meanstleaperimental research is vital for

understanding the road safety implications of driver sleepiness. For example, experimental research has
revealed thawigilance decrements aftd7 hours awake is equivalent to that of a driver with 0.05% BAC
(Dawson &Reid, 1997). Thmuggestshat Canberra drivers who plamdriveto the NSW south coast on
CNARFe S@SyAay3a FTFGSNI I FdzZt RI&Qa ¢62N] VYI & SELXS
intoxication.

There are obvious safety concerns in conductingdsleepiness research on real roads. Driving
simulators are a safe alternatj\vas they permit researchers to creatntrolledenvironmentsn which

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 10
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they can measure the impact of sleepiness on drilinget al., 2009). Driving simulator studies reveal

that vehicle control is impaired following sleep loss (Anund et al., 2008), resulting in increased lane
deviations (Filtness et al., 2012). Most previous reseavestigating driver sleepineksused on rural
highway drivingassleeprelated crashesra particularlylikely to occuduring monotonous driving

conditions However, among ACT and NSW drivers approximately 25% eafetéd¢ed crashes occur in
residential areas with speed limits of 50 km/h or less and a further 30% occur on roads witinspeed
between 50 and 80 km/h (Armstrong et al., 2013). As such, driver sleepiness in urban environments has
a significant impact on overall road safety, but is an area that has been neglected by previous research
and policy. Consequently there is poor erslanding of how sleepiness and fatigue affect driver
performance in urban environments atitere areno targeted countermeasures aimed at reducing

driving while fatigued in urban environments.

Althoughit has been established that sleepiness impairscieebbntrol (i.e., manual handling and
manipulation of controls) there are also implications for other vital skills necessary for safe driving. It is
well established that performanaa simplevigilance andeaction time tasks is impaired by sleep loss

(e.g., Belenky et al., 2003; Dinges et al., 1997; Van Dongen et al., 2003). More complex cognitive
processes, such as information processing and planning ability, are also impaired following sleep loss
(Horne, 2012). Finally, sleep loss dls6 LJ- A Ndhilityzoyc@Plate dual task paradigms (Haavisto et

al., 2010) and makes drivers more susceptible to distraction, leading them to make a greater number of
glances away from the road (Anderson & Horne, 2013)

Furthermore, sleep loss has implications foowisind oculomotor control (i.e., eye movements and
blinks). Sleep loss increases double vision (Clark & Warren, 1939) and exorphia, or divergence of the
eyes outward (Horne, 1975). Recently it has been noted that sleep deprivation leads to decreased
oculonotor function De Gennaro et al., 200Bransson et al., 20P8vhich impairs visual search
performance (De Gennaro et al., 2001). This has prompted the suggestion that oculomotor control could
be used as a fatigue detection measure (Goldich et al., R0dDielland et al., 2010). The interaction
between sleep loss and eye movements suggests a mechanism by which sleep loss could influence
change blindness, since change blindness is also sighyficdioenced by eye movements, as discussed
further in Seabn 2.2 This hapotentialimplications for road safety as saccadic velocity (i.e., speed of
eye movements) is negatively correlated with simulator vehicle crashes (Rowlan20€aRusso et
al.,1999,2003). Although sleep loss impairs severasgkidit are vital to safe driving in urban
environments, no previous research has shown a direct relationship betwepmetseand urban

driving safety

2.2.Change Blindness

Change blindness is psychological phenomenon in whichvebseither completely fail to detect

changes within a visual scene, or experience a substantial ddietgating a change within their visual
environment(Rensink et al., 19971 hange blindness particularly likely to occur when visual changes

take gace during a disruption to the visual scene, such as when a person is blinking, making an eye
movement, or has their view obscured briefly (e.g., McConkie & Currie, 1996; Pashler, 1988; Rensink et
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al., 1997; Simons & Levin, 19983 the disruption maskssual transients that would otherwise make
the change obvious to the observer

Change blindnessan occur for both expected and unexpected changes, across a wide range of visual
stimuli including simple arrays of letters and digits (Pashler, 1988), piyoisgRensink et al., 1997)
andevena person in a redife conversation (Simons & Levin, 1998)

Several previous studies have examined the incidence of change blindness while drivangansjegf
methods, including both drivirgimulation and compet-based experimentsimilar to tre methods
employed in the current projecThe most common methods used in drivietated change detection
research are flicker tasks, oshot tasks, and simulated driving scenarios

In flicker taskstwo alternating imges are presented for a fraction of a second each (typicalfp@230

ms), separated by a brief (D0 ms) blank screen that serves to mask visual transients (Rensink et al.,
MPPTO P ¢KS aSljdzSyOS aFft A0l SNEE¢ 0 S ies&Btfierih&ktBo G 6 2
images are the same or different

Oneshot taskaise a similar format, with two images presented for a fixed duration separated by a blank
screen, but each image is presented only once and stimulus durations are often longeriBg. 10

Zhao et al., 2014). As there is limited opportunity to compare the images, accuracy is typically lower in
one-shot taskxompared witHlicker tasks

Simulated driving paradignesnbed change detection tasks within a driving simulator scenario. Some
simuator studies mask changes with brief occlusion periods (Lee et al., 2007; Shinoda et al., 2001,
Velichkovsky et al., 2002; White & Caird, 2010), similar to the blank screens used in flickerstwod one
tasks, whereas others have changes occur more rgstically, for example changing a sign between
repeated drives on the same road (Charlton & Starkey, 2013; Harms & Brookhuis, 2016;&/leokens
2007) or during an eye movement (Velichkovsky et al., 2002).

Previous research has examined how change tietein driving scenes is affected by several variables,
including target relevance, driving experience, familiarity with the road environment, and secondary
task engagement. Key findings pertaining to each of these topics are summarised in the following
subsections

2.2.1.Target Relevance

A robust finding in change blindness research is that observers are faster and more accurate at

detecting changes to targets that have greater relevance, such as targets that are central to
understandhg the scene (Rensink et al., 1997) or targets that are personally meaningful (Marchetti et

al., 2006). Similarly, studies consistently reveal that observers are faster and more accurate at detecting
changes in road scenes when the targets are drialeyant, compared witdrivingirrelevant targets

(Galpin et al., 2009; Muell& Trick, 2013; Velichkovsky et al., 2002; Zhao et al., 2014). One caveat to
0KSaS FTAYRAyYy3Ia Aa GKIFIG Ylyeée addzRASa dzaS ledzh G S ©
of relevant targets include vehicles, pedestrians and road signs, whereas examples of irrelevant targets
include buildings, dumpsters and mailboxes (Galpin et al., 2009; Mudlteak, 2013; Velichkovsky et

al., 2002). This raises a potential confgundhat the irrelevant targets are all stationary objects, which
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Moreover, these studies group together several types of drrélayant targets, which wa
considerably in their potential relevance to driving safety.

Velichkovsky et al. (2002) also found faster and more accurate change detection-feletzaht stimuli

in road scenes, and noted that change blindness was stronger in dynamic stimuliecbtosatic

stimuli Thissuggests that change blindness may be more likely to occur during simulated(driding
potentially real drivingthan in labbased experiments. This is, in part, due to eye movements: change
blindness can occur as a result aésadic suppression (i.e., when visual input from the retina to the
brain is temporarily suppressed during saccades or eye movements). For this reason, it is particularly
relevant to explore the role that eye movements play in successful vs. unsucdessiel detection.

Two simulator studies have provided more systematic manipulation of seleance within a single
class of targets (Lee et al., 2007; Shinoda et al., 2001).

In the first studyby Shinoda et al. (20Q1he same change occurred dureach trialgc &y 2 LI NJ A
aA3dy OKI yaISR byt target placaimani v2akEysteinatigalfy manipuldtedlter its

NEf SOl yOS Ay NBf I (i ADRivérs iee siBrnNidadil$ IbsE [Rely§otnbtiBehe Eharkigigy” a
sign when they wertllowing another car, or when it occurred rfibbbck, compared with when it

occurred at an intersection (Shinoda et al., 2001). Arguably, stop signs are equally relevant regardless of
where they appear; however, drivegspectsigns at intersections to neey more meaningful

information (e.g.whether one has priority or must give wayother traffig.

Inalaterda G dzZReé X [ SS S Ifod 6nnnt0 (SaiSR RNAGSNEQ |06
parked, moving ahead of the participant, aowvimg behind the participant. Drivers were most sensitive

to lead vehicles moving closer to them (i.e., simulating a sudden braking movement) and were least
sensitive to changes involving parked vehicles. This suggests that drivers are more effidiectirag de
safetyrelevant changes; however, the authors noted tlaagiet location cevaried withsafety

relevance, and as such the results cannot be solely attributed to safety relevance without further
research (Lee et al., 2007).

Although several studidgve compared change blindness for tesdkvant vs. irrelevant stimuli, the

choice of stimuli has mainly been restricted to objects that have indirect relevance to road safety, such
as road sign®#s such, one aim of the currgmijectwasto more compréensivelyexplorehow the

nature of the stimuli affects change blindness vs. change detection, by comparing stinuaryiitt

levels of relevance to the task of safe driving

2.2.2 Driving Experience

Change blindness research in fariving domains consistently indicates that dorraiperts are less
susceptible to change blindness compared to domairices, but only for expertiselated changes

(Feil& Mestre, 2010; Reingokt al, 2001; Werne& Thies, 200Q For instance, Ameda football

experts are faster than neexperts at detecting changes to footbadlated images that meaningfully
alter game formations, but not at naneaningful or nodootballrelated changes (Werné Thies,

2000). Comparable findings have been obtaifte chess masters (Reingold et al., 2001) and advanced
physics students (F&lMestre, 2010). Based on this it seems logical that driving experience would
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similarly influence change detection ability in drivielated scenes; however, empirical findirigave
been mixed (Zhao et al., 2014)

One method of examining effects of driving experience is to compare drivers withivens, that is,
LIS2LX S 6K2 KIFI @S ySOSNI KSt R | RNA-drigexsand divehksOSy OS @
found no signifiant association between driving experience and performance on a eelated flicker
change detection task, although both groups were faster at detecting drelengant compared with
irrelevant changes (Galpin et al., 2009). The authors suggestatehadriver group may not have had
sufficient experience (average 70 months) to demonstrate superior performance. Following this, a
Chinese study compared change detection ability inrdrosers and drivers with an average of 33

months experience (Zhaa al., 2014). The Chinese study used asira task and inserted a central

fixation point on half the trials. Drivers and ranivers performed similarly on trials with no fixation

LIR2AY G NBLIX AOFGAY3 DIFf LAY Sitwadpeseat, diversiandmnon NI & dz
drivers also performed similarly for centrdtigated and drivingrrelevant changes, whereas non

drivers were significantly less accurate than drivers at detecting dratatgd and peripheral changes

(Zhao et al., 2014T.he authors suggested driving experience helps facilitate more efficient processing

of drivingrelated and peripheral elements while fixating centrally.

Beyond comparing drivers and ndnvers, another method for studying experience effects is to
comparechange detection abilities between drivers with varying experience levels. In a US study
comparing young novice drivers (average 6 months experience) to more experienced young drivers

6 @SNI 3S 1 &SI NEQ SELISNA Sy OS ingrelated GHanges KE niatide LIS NI
drivers were less accurate at detecting irrelevant changes (M&gllack, 2013). One explanation is

that experienced drivers are more efficient at processing dri@laged information, which means they

have greater cognite capacity remaining for processing irrelevant information. This is consistent with

[ DASQa oOmdpppv f 21 R -iirdleBadtiiBormationiivill Oty be d2lectediidto G K G
conscious awareness under conditions of faskload(i.e., when thgrimary task is less cognitively
demanding LG A& If&a2 O2yaradasSyid eAGK %KEF2 Si |t oQa
detection of peripheral changes compareih non-drivers

Finally, an Australian study found that after accountingifaple reaction time differences, drivers with
fSaa GKIYy o &SI NBQ tddabdecBng AriSingsldadBhanges,ofpared O y ( ¢
GAGK RNADSNAE K2 KFER Y2NB GKIFYy mn &@SFNBRQ SELISNA
thai GKAA addzReQa ay20A0S¢é¢ IANRdzL) F Oldzr tte& KIR |
experienced drivers in other studies (e.g., Zhao et al., 2014) and were on average 19 years younger than
the comparison groupf experienced driveris the same study (Wetton et al., 201Qverallit seems

that differences in change detection ability may be most likely to emerge when comparing drivers to
eithernonRNA OSNE > 2NJ 6K2aS gAGK 2yfeée | FS¢g Y2yiKaQ

2.2 .3 Familiariy

A few studies have explored the effect of environmental familiarity on change detection while driving
(Charlton& Starkey, 2013; Harn&Brookhuis, 2016; Marter& Fox, 2007). These studies use broadly
similar methodology: all recruited groups of driversomplete 2625 simulated drives overperiod of

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 14



I

~ <+|  Australian G ell]))
@S>y National >

Gz University

several days or weeks. Whereas most studies assesdatmorthangeg i.e., detecting that an object
has appeared, disappeared, moved or changed within the past sestudies that explore the effest

of familiarityusually testongterm change detection, such as whether drivers notice that a speed limit
has been alteredince the previous time they drove on that road

Overall, these studies suggest that repeatedly driving the same route increRg8sSdNB Q | 6 A f A G &
recognise certain aspects of the environment but impairs others. For instance, drivers are better at
recognising which roads signs belong on a route (Ma&d¥mx, 2007) and are faster at detecting a

target vehiclevhen they are more failiar with the route(Charlton& Starkey, 2013). However, these
benefitsappear to beoffset by substantial change blindness to other aspects of the environment,
particularly road signs, even when the changes has clear safety relevance. For instandayerany

failed to detect when an intersection sign changed from granting them priority to requiring them to give
way (Martensk Fox, 2007), when speed limits on dynamic speed signs changed &Browkhuis,
HAaMcOYX 2N gKSYy (KS a Em@SdGetnlay(8rizhtéaStarke€y 2D1B)ABivers F NB Y
also exhibited robust change blindness to the addition or removal of roadside buildings, but were much
better at detecting changes to road markings, even after repeated exposure (CRaBtarkey, 203).

This suggests that when driving on familiar routes, drivers pay relatively less attention to the adside
including safetyelevant signg but maintain focus on the road itself.

2.2.4.Secondary Task Engagement

Studies examininipe impact of secondary task engagement on drivalgted change detection have

all indicated that engagement in a cognitively demanding secondary task significantly impairs change
detection (e.g., Lee et al., 2007; McCarley et al., 2004; Richard2@0&White & Caird 2010). These

effects have been demonstrated using flicker tasks with photographs depicting road scenes (McCarley et
al., 2004, Richard et al., 2002) aislo indriving simulator scenarios in which changes occur after brief
blackouts 100ms to 1s; Lee et al., 2007; WHt€aird, 201Q)

The specific aspects of change detection affected bytdsklengagement differ between studies, and
include accuracy, sensitivity and response time. Early research on this topic found that concurrent
engagement in an auditory working memory task resulted in slower change detection but did not affect
accuracy (Richard et al., 2002). However, subsequent research has fouredploating to auditory
messages and engagindhandsfree phone conversation®ut not passively listening to a

conversation) impairs change detection accuracy (Lee et al., 2007; McCarley et al., 2004). Notably,
drivers were equally likely to fixate change targets when talking on a phone, but failed to consciously
process the chang@icCarley et al., 2004). Finally, White and Caird (2010) found that young adult
drivers who were accompanied by an attractive oppesgte passenger were less likely to detect

hazards, compared to participants who were driving alone. Together thesgémstiggest that driver
RAAUNI OGA2Yy Ol y Ay ONBL! -aubfailedkoraySHEE oSININPRWESM & YR @

2.3.Sleep and Change Blindness

There has been almost no previous research examining the relationship between sleep and change
blindness or related phenomena
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Some research has compared change detection performance between good sleepers and people with
insomnia or other sleep disorders (e.g., Marchetti et al., 2006). This research found that insomniacs are
better at detecting changés sleeprelated stimuli, which suggests that they have an attentional bias
towards sleepelated stimuli. However, this study did not look at change detection more broadly so it is
unclear whether sleep loss affects generic change detection abilitiésef;-tine study looked

specifically at people with sleep related disorders, not at good sleepers who have experienced a
temporary period of sleep loss, so the results are not generalizable to the broader population.

2.4.Summanand Caclusions

In-depth research has shown that driver fatigue due to sleepiness or sleep loss is a leading contributory
factor in road crashes and should be considered a significant road safety issue for all road users. While
archetypal sleepelated crashes.g., where a single vehicle runs off the road into a tree on a
monotonous country road) are relatively easy to identify and are well researched, atypicatlsitszh
crashes on urban roads are poorly understood and hard to identify

This projectwas degned toa significant gap in the literature by improving understandingsogl

attention impairments relating to sleep loss in both urban and rural driving environn@wesn the
relationship between change blindness and eye movementiasihypothesiedthat sleep loss would
impair change detectigmesulting in reduced accuracy and/or longer response times in change
detection taskslindividualsexperiencing sleep losgpically demonstrate increased blink rate and spend

a longer percentage of time thitheir eyes closed hesechanges in blink patterns may result in slower
change detection and increased change blindness, since change blindness is more likely occur during
blinks and eye movements

In addition to changes in blink patterns, it is posdiat sleepy drivers may show differential patterns

of visual scanning. In particular, they may attempt to compensate for their sleepiness by focusing their
eyes on the road ahead, at the expense of detecting peripheral information on the roadsidgd bfs t
compensatory behaviour is observed during distracted driving (e.g., Eng$tadn2005) and

distracted drivers show greater impairment at responding to peripheral vs. central hazards (Haque &
Washington, 2013). If similar results are observeal r@sult of sleep loss, then it is likely that drivers
would have greater impairment at detecting changes to peripheral objects including signs and hazards
on the roadside.
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3. Experiment 1

3.1.Background and Rahale

The ability to detect changes is crucial for safe driving. In order to make appropriate decisions we must
notice when another vehiclaulls out ahead of usyhenan invehicle alert appearsy whenadvisory
signshave been updatedResearch examimgy change detection while driving (e.g., Char&dstarkey,
2013;Galpinet al., 2009; Velichkovsky et al., 2002; Zhao et al., 2014) suggests that drivers often
experiencechange blindnessvhich is delayed or failed change detection (Rensink et al.).1997

Although t is difficult to quantify the extent of crashes involving change blindaesarate change

detection is associated with safe decisioaking (Caird et al., 2005; Edwards et al., 2008) adelathn

crash analyses suggest approximately 9%radiss injury crashes involve a driver faitimgletect

hazards (Beanlaret al.,2013).

Several paradigms have been used to explore change blindness (for a review see Jensen et al., 2011).
The diversity of paradigms stems from the fact that change [@gsdcan occur for expected or

unexpected changes, and can result from various visual disruptions including blinks, saccades, or
occlusion (Beanland et al., 2015).

The most commoresearchmethods used in driviagelated change detection research are #ictasks,

one-shot tasks, and simulated driving scenarioflidker taskstwo alternating images are presented

for a fraction of a second each (typically 500 ms), separated by a brief {800 ms) blank screen that

serves to mask visual transientS(Ra Ay {1 SG It &3 mdpprod ¢KS &SljdzSyoO
until the observer determines whether the two images are the same or diffé@eeishot tasksise a

similar format, with two images presented for a fixed duration separated by a btagk,dout each

image is presented only once and stimulus durations are often longer (€.§.s1@hao et al., 2014). As

there is limited opportunity to compare the images, accuracy is typically lower-shohtasks than in

flicker tasksSimulated dviing paradigm&mbed change detection tasks within a driving simulator

scenario. Some simulator studies mask changes with brief occlusion periods (Lee et al., 2007; Shinoda et
al., 2001; Velichkovsky et al., 2002; WHit€aird, 2010), similar to the blas&reens used in flicker and
one-shot tasks, whereas others have changes occur more naturalistma#iyamplechanging a sign

between repeated drives on the same road (Chadt@tarkey, 2013; Harn&Brookhuis, 2016;

Martens& Fox, 2007) or duringneeye movement (Velichkovsky et al., 2002).

Previous research has examined how change detection in driving scenes is affected by several variables,
including target relevance, driving experience, familiarity with the road environment, and secondary

task emagement Section 2.2 provides a full review of the relevant literature, but key findings are
summarised briefly below.

Research has consistently demonstrated that observers are faster and more accurate at detecting
changes that have greater relevance tivihg Galpin et al., 2009;ee et al., 200Mueller & Trick,
2013;Shinoda et al., 200Yelichkovsky et al., 2002; Zhao et al., 20dd)vever, these studies typically
employ targets with only indirect relevance to driving, often have systematiediés between

relevant and irrelevant targets, and collapse results across several distinct types of targets to form their
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investigation into the relationgh between change detection and target relevance.

Findings regarding the effects of driving experience on change detection arg(Ahigecet al., 2014)n

part due to the fact that different studies use varying methods and forms of comparison (e.g., some
compare drivers and nedrivers, others compare drivers of varying experience le@a)e studies

find that driving experience is associated with superior change detection, but only for certain types of
changes (Mueller & Trick, 2013) or under specificditions, such ag the presence of aentralfixation
point (Zhao et al., 2014), whereas other studies find no relationship between driving experience and
change detection (Galpin et al., 2009; Wetton et al., 2010). Given these inconsistenciest the mos
sensible approach for research exploring driveigted change detectiois toexclude novice drivers

and those with very little experience, to ensure that there is no potential for expetfielated effects

G2 O2y¥2dzyR GUKS aiddzReQa NBadz (a4

3.1.1.The Current Study

Based on the review of previous change detection research in Section 2, it is apparent that change
blindness occurs in driving environments, but that the extent of change blindness varies depending on
characteristics of thehanged object. Characteristics such as object size or physical s#iensiiai

et al., 2012 do notpredict the efficiency afhange detection in naturalistic tasks. Rather, semantic

object propertieqe.g.,relevance to drivingnfluence the likefiood and speed of change detection.
Previous studies examining this have either defined task relevance quite broadly (Galpin et al., 2009;
Mueller& Trick, 2013; Velichkovsky et al., 2002; Zhao et al., 2014) or have used only a single class of
targets (Leet al., 2007; Shinoda et al., 2001), so there is scope for more systematic investigation of the
relationship between target characteristics and change detection

¢KS OdzZNNBy (G aiddzRé g1 & RSAAITYSR (nurbandrid &&l drivilgNA @S N
scenesacross a range of target types including vehicles, vulnerable road users, signs, and roadside
objects Allof thesetargets are potentially relevant to safe driving depending on the comtextich

they appear, so we systematically npatated the change context within each category of targeis
resulted in a total of seven target categories (cars, motorcycles, road signs, traffic lights, pedestrians,
animals, and trees), with half of the trials in each category containing chaagés\e high potential

for safety impact (i.e., requirimgonitoring of a potential hazard arresponse by the driver) and half
containing changes that have low or no potential for safety impact (i.e., the driver can continue without
any change in behawvioor situation awareness). This allowed us to explore which factor is more
influential in change detection, the type of target or its potential safety impact, and whether these two
factors interact. In addition to standard measures of accuracy and respoes(RT), eye movements

were recorded to provide a more comprehensive understanding of change detection occurs (i.e., by
SEIl YA YA yHtfaldddA BTSSR SNNEBENE | YR AYLI AOAG OF LI dzNB 2
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3.2.Method
3.2.1 Participants

Twentysix drivers (15 female, 11 male) ageed30years =22.9,SD= 4.7) provided informed

consent and participated voluntarily in exchange for AUD$20. Data from one adgifiditghantwas

discarded due to technical errors. gdirticipants had normal or correcteéd-normal visual acuitfas

measured using a near vision chaheld a current fullizy NS & G NA OG SR ! dzgandd € Ay F
drove at least once a week within the Canberra region. Ethical aspects of the regma@ralpproved by

the Australian National University Human Research Ethics Committee (protocol 2014/458).

3.2.2 Apparatus

+Aadz £ adAYdzZ A 6SNB LINBaSYdSR 2y I H Ttéackérwitdf S A a
a reported sptial accuracy within 0.28.5°, was used to monitor eye movements at a temporal

frequency of 1000Hz. Head position was fixed using a chinrest with a viewing distance of 95cm, yielding
a display area of 30.3° x 19.4° visual angle. Stimulus presentatidataratquisition were controlled

via SR Research Experiment Builder.

3.2.3.Stimuli

Experimental stimuli included 200 image pairs depicting driving scenes, which constituted 50 urban
changepresent pairs, 50 rural changeesent pairs50 urban changabsent pairs and 50 rural change
absent pairs. Each image subtended 23.0° x 17.5° visual angle @allemassing a digital camera

mounted on the dashboard of a station wagon. Urban images were taken in central Canberra (civic,
inner north Parliamentary Triangle) and rural images were taken on rural roads in surrounding regions.
In changeabsent pairs the two images displayed were identical, whereas in chesggnt pairs one of

the images was edited to add, remove or alter a singlengnigievant target. Images used were

selected from a larger sampM ¥ 2000) of photographs so that charajgsent and changpresent

images could be matched in terms of the roads, road users and visual complexity within scenes.

Within both the urban andural environments, five types of target objects were changed. In the urban
scenes change targets were either cars, motorcycles, road signs, traffic lights or pedestrians, with 10
images for each category. In the rural scenes change targets were eithenctmycles, road signs,

trees or animals, again with 10 images for each category. For the three categories that occurred in both
urban and rural scenes (i.e., cars, motorcycles, and road signs) the nature of the alzngedched

so that equivalent cdmges occurred in both environments.

Within each target type, the potential safety impact of the chamge systematically manipulatesb

that half the images contained a change with high safety impact (e.g., vehicle appears/disappears
immediately in frat of the participant, change to speed limit sign) and half contained a change with low
potential safety impact (e.g., parked vehicle appears/disappears, change to bicycle lane advisory sign
content). The key differentiator between higind lowimpact imaes was that higimpact changes

would require a driver to change their behaviour (e.g., adjust travel speed, brake, monitor a potential
hazard), whereas losmpact changes did not require any changes to behaviour or situation awareness.
Because previou$Sra S+ NOK KIF & &dz33SaidSR GKFG RNAGSNBERQ adzo
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with objective assessments of r{€kharlton et al., 2014yve recruited separatesample o1
experienced drivers aged-2® years to rate the safety relevance of edthnge on an 1-point scale
from O (not at all safety relevant) to 10 (highly safelevant). The average ratifay each image pair
was then used as the safety relevance rating for each trial.

LYIF3S LI ANB 6SNB LINB &Sy SdRondzankgé @as presantedl brGQOBNE & S
followed by a 500ms blank grey screen, followed by the second image for 500ms and then another
500ms blanKsee Figure-3). The cycle of alternating images and blanks continued until the participant
responded, or foBO's, whichever occurred first. Participants were instructed to decide as quickly as
possible whether a change occurred and then immediately press the space bar to register their decision.
They were then prompted to report whether a change occurred aagpifcable, the change target. If
participants failed to respond within 3@the program automatically proceeded to a response screen
GKFG Fa1SR GKSY (42 AYRAOFGS gKSGKSNI I OKIFy3aS 2C
Gy2¢ FT2NKIKIBEKENIOIMZNDIBE RS YR a@SKAOf S¢x aY2id2ND
GodZAf RAY3IES daArAdyeés yR adMNBEBNG INAKTaE BSWBO O
if the observer correctly identified the change target, butw@2y 8 A RSNBER GAYy O2 NNB O
no change or failed to select the correct change target. CHlarg&d Sy & G NA I f & 6SNB O2
AT GKS 20aSNIISNI NBLR2NISR y2 OKIFIy3dISTI YR gSNB 02
(this fam of error was rare, occurring on 0.7% of trials).

Blank: 500m:

Image B: 500ms

Blank: 500ms
Image A: 500ms

Figure3-1. Example trial sequence from Experiment 1, showing an urban scene where a change occurs
between image A and image B (the blue car appears/disappears).

The experiment contained 220 trials, elihnicomprised 200 trials with unique image pairs (100 change
present, 100 changabsent, as described above) and 20 trials with repeated images (10 €hange
present, 10 changabsent).Unique and repeated images were analysed separately.

Repeated images wenecluded because the proposal t&xperimen® required participants to
complete two change detection sessions. Performance for the first vs. second presentation of repeated
images was therefore compared to assess whether it is fe&silgarticipantsto complete two change
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detection sessions using identical stimuli, or whether it would be necessary to develop two separate but
equivalent stimulus sets for use in each session.

The experimental task was preceded by 5 practice trials (3 cipaegent, 2 cangeabsent), which
used novel images taken from a previonselated change detection study.

3.2.4.SelfReport Measures

Participants completed a brief demographic questionnaire and twoegelft inventories, the Driver
Behaviour Quémnnaire (DBQ; Lajunen et al., 2004; Lawton et al., 1997; Mattsson, 2012; Parker et al.,
1995) and the Cognitive Failures Questionnaire (CFQ; Broadbent et al., 1982)

The DBQ requires respondents to rate their frequency of engaging in 28 aberrantiarihangurs on

a 6-point Likert scale from 0 (never) to 5 (nearly all the time). Previous research has typically found that

in Engliskspeaking populations this scale reveals four subtypes of aberrant driving behaviour (Beanland
et al., 2014): OrdinaryVidations or deliberately disregarding road rules and noxggressive

Violations involving hostility towards other road usegstors which are dangerous nateliberate acts,

such as failing to search for or detect oncoming traffic before enteringeasention; and.apses

GKAOK NB NBfl GAOGSte YAY2NI FlLAfdzZNBas &ddzOK | a YA
parked. For the current study, the Errors and Lapses subscales were of particular interest.

The CFQ requires respondents to ratartfrequency of 25 lapses of attention, perception and memory

in everyday life on a-point Likert scale from O (never) to 4 (very often). Originally it was claimed that

the scale measured a unitary construct, with specific subfactors varying betweeatijoposul

(Broadbent et al., 1982). Subsequent studies have found thatfiexctitr solutions fit the data better

than singlefactor solutions (Bridger et al., 2013; Wallace, 2004); however, the specific factor structure
varies between populations and everthin populations over time (Bridger et al., 2013). Given this
inconsistency, and the fact that overall CFQ scores have been found to significantly predict performance
in some visual attention tasks (e.g., For&emvie, 2007), for the current studyevsll CFQ scores were
analysed.

3.2.5.Procedure

Participants were tested individually in a quiet laboratory, which was completely dark during-the eye
tracking experiment. After providing informed consent and completing the visual aceéxisg,
participants completethe selfreport measures (i.edemographic questionnaif®BQ, CFQ).

After completing the questionnaires participants were seated in front of the computer with their head
position stabilised using a chinrest. The-tkgeka was individually calibrated for each participant using

a 16point calibration grid and then validated to ensure that average gaze error was <0.5°, which is
within the margin of acceptable error specified by the manufacturer. Each trial commenced iifith a d
check to ensure gaze calibration accuracy was maintained and the system was manually recalibrated if
the error exceeded 1.0° for three consecutive trials. Participants then completed the experiment, with
breaks offered every 55 trials.
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3.2.6.DataAnalysis

Accuracyresponse timeR1 and eye movements to the change target wanalysedising Generalized
Estimating Equations (GEE; Liang & Zeger, 1986), an extension of the general linear model that permits
analysis of repeated measunents where not all participantontributethe same number of
observationgi.e., trials) to the dataseBinary logistic GEE functions similarly to binary logistic

regression, but because GEE permits repeated measurements it can be used to assessh&hether
probability of a binary outcome (e.g., change detection, fixating a change target) differs according to
within-subjects variables (e.g., target type). Linear GEE functions similarly to repeat®des analysis

of variance (RMANOVA) and can be usiedassess whether continuous variables (e.g., RT, dwell time

on target) differ according to withisubjects variables. The crucial difference between GEE and ANOVA
is that GEE is based on individual trials, whereas ANOVA is based on averages andhataliires t
participants have data in each condition (otherwise all of their data is excluded from the analysis). This is
problematic for change detection paradigmsamnalyses include only correct trials, but some

observers fail to detect all targets o$pecific type (in the current study, this was common for the
GGNBSE OKFy3aSaovd D99 Aa UKSNBF2NB dzaS¥dzZ | a Al
entire conditions, and provides greater statistical power compared witAROVA (Mat d., 2012).
Correlations and pairetests were used for other measures where overall performance was of interest
(e.g., correlations between cognitive failures and change detection performance). All analyses were
conducted in IBM SPSS Statistics 22. gkradével of .05 was used to assess statistical significance.

3.3.Results

3.3.1t | NJi A Odving PAte<

Participants had an average selported driving frequency of 4.9 houSE 3.3; range -1L.8 hours) o

182 km §D= 133; range 2600 km) per week. As shown in Figw2 Participants drove most

frequently on urban roads. Nearly 90% reported that they drove on urban 60 km/h roads frequently or
all the time, and 585% reported driving on higher speed amtroads frequently or all the time. In
contrast, over 90% reported that they drove on rural roads occasionally, hardly ever, or never
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Figure 20 t | NI A @epddedyfrdc@iency af Srivifig on different road types.

3.3.2 Effecs of Image Repetition

Each observer completed were 40 trials involving image repetitions (20 ghasgat, 20 change
absent). This represented 20 unigue images, which were each presented twice.

3.3.2.1.Changeabsent trials

Accuracy waat ceiling for change absent trials, regardless of image repetition. Specifically, accuracy on
changeabsent trials was 99.2% for the first image presentation and 100% for the second image
presentation. Due to these values being at ceiling, itneapossble to compare them statistically.

RTs for correct changabsent trials were compared for the first vs. second image presentation using
linear GEE with a log link function (as RTs were positively skewed). This comparison indicated no
significant differene in changeabsent RTs between the first image presentatddr=(7122 ms,

SE=395) and second image presentatidh$ 6886 msSH p m T 0%1) 21178pR .183B=-0.03,
SE=0.03, odds ratio (OR) = 0.97, 95% CI OR [0.92, 1.02].

3.3.2.2.Changepresent trials

Note that there was only one repetition of each of the 10 change targets, so the image repetition
analyses considered the main effect of repetition order (first vs. second) averaging across all types of
change targets.

Accuray for change present trials was 67% for the first image presentation and 72% for the second
image presentation. Statistical comparison using binary logistic Gdlieka significant main effect of
AYlF3S NBUS®ABEp A 21y E=0.23SE=0.10, OR = 1.26, 95% CI OR [1.04, 1.53]. That is,
participants were significantly more likely to detect changes the second time an image was presented.
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RTs for caect changepresent trials were compared for the first vs. second image presentation using
linear GEE with a log link function (as RTs were positively skewed). This comparison indicated no
AAIAYATAOF Yy STTYOE 1303 < NEBISG.0V,5ED.02, GRNR.SNTE% Cl OR
[0.89, 0.97]. Specifically, RTs were shorter for the second image preseribticty 89 msSE= 99)
compared with the first image presentatidvl € 5158 msSE= 114).

Visual fixations on the change target weralgsed to assess whether patterns of eye movements could
explain RT differences between the first and second image repetition. Aspects of fixations that were
analysed were: probability of fixating the target; probability of lodkeefailedto-see errorstime to

first fixation (milliseconds); and total dwell time on target (milliseconds). Probability variables were
analysed using binary logistic GEE, and time variables were analysed using linear GEE with a log link
function (as both were positively skeweAll analyses used image repetition order (fisstsecond) as

the only factor.

t NEOlOAfAGE 2F FAEL GAY R)FRGpH.828FBDD3SENME, Ta D n H:
OR=1.03, 95% CI OR [0.78, 1.37], and probability of lebkethiledto-see errors (9% in both

O2 Yy RA )2 ¢.alp=.941B=-0.03,SE= 038, OR = 0.97, 95% CI| OR [0.46, 2.04], were not
significantly different between the firand second image repetitions.

Total dwell time on the target was also not significantly different in the first image presentation

(M =496 ms SE= 23) compared witthe second image presentatioM € 474 SH o #1) =0.48,
p=.487,B=-0.05,SE= 0.07, OR = 0.96, 95% CI OR [0.84, 1.09]. However, time to first fixation was
significantly earlier for the second image presentatddi(1495 SE= 47) compared with the first
image presentationM = 1789, T  ¢p#(1) =16.80p < .001,B=-0.18,SE= 0.04, OR = 0.84, 95% CI
OR [0.77, 0.91].

Overall the results of the image repetition analyses suggest that participants were more accurate and
faster at detecting changes in the second vs. first imageitepetThe time to first fixation analyses
suggest that priming occurred, as participants were able to shift their gaze to the change target location
sooner of the second trial, which seems to account for the differences in RT. Based on this, the
subsequenhanalyses excluded the second presentation of repeated images, so that each participant
contributed 200 trials (100 changeesent, 100 changabsent) to the main analyses.

3.3.3.ChangeDetection Accuracy

Accuracy on changabsent trids was at ceiling (99.4% in rural scenes, 99.2% in urban scenes) and so
was not included in any statistical analyses

Among chang@resent trials, accuracy varied with change target. As shown in Fi§ude&ction of

tree changes was at floor (8% cotjewhich meant that overall comparisons of performance in urban

vs. rural scenes was confounded by target type. As such -tutsdrcomparisons were conducted using

only targets that appeared in both environments (i.e., road signs, cars, motorcyc¢hreayditional

separate analyses for each environment that included safety relevance as a covariate. All analyses used
binary logistic GEE.
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p < .0Q, with participants more likely to detect changes that had higher safety relevance ratings,
B=0.65,SE= 0.07, odds ratio (OR) = 1.92, 95% CI OR [1.67, 2.20]. The main effect of target type was

F £ a2 & AZMYy=A1E33l< ydl>Compared to chges involving signs, participants were

significantly more likely to detect all other types of changes (see FaplevEdh the largest effect size

for motorcycles

2 A0KAY NHz2NF £ a0SySaz GKSNB gl a I aMEyesIss OF yi Yl
p <.001. As shown in Tablel3 compared with changes involving signs participants were less likely to
detect changes involving trees, but were more likely to detect changes involving cars, motorcycles and
animals. Safety relevance also pregticthange detection accuracy in rural scebes the effect size

gl a avlrtfSNI GKFyYy F2NJ dzNblFy &a0SySa | yRYByI®R, 2dza i
p=.046B=0.08SE= 0.04, OR = 1.08, 95% CIl OR [1.001, 1.17].

Finally, accuracy in urban vs. rural scenes was comparttkfthree target types that appeared in

both environments (road signs, cars, motorcycles). There was a significant main effect of environment,
.2(1) = 19.22p < .001.Compared to rural scenes (92% correct), participants were less likely to detect
changes in urban scenes (79% correBt§-0.64,SE= 0.13, OR = 0.53, 95% CI OR [0.41, 0.68]. There was
Ffaz2 | aixayiarTaolyil 2yt 1BYIS<T0BIS drisistenfwithithed&p&ate utb@nlLJS =
and rural analyses, but this did not significdne A y 4 SNJ Ol 2MN=BR7pS YA NRY Y Sy i
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Figure 3. Change detection accuracy (top panel) and response time (bottom panel) by driving
environment and target type. Error bars represent upper and lower 95% confidence intervals for
estimated marginal means within each condition.
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;?z;btlizti?;;lal comparison of accuracy by target type, within each driving environment
Target Type B SE 2 | £2R p OR 95% CI OR
Urban Scenes
Traffic Light 0.63 0.20 10.29 .001" 1.88 [1.28, 2.77]
Pedestrian 0.94 0.18 27.00 <.001"" 2.56 [1.80, 3.66]
Motorcycle 2.67 0.24 122.86 <.001"" 14.49 [9.03, 23.24]
Car 1.71 0.20 71.34 <.001"" 5.55 [3.73, 8.26]
Road Sign -
Rural Scenes
Tree -2.70 0.40 4581 <.001" 0.07 [0.03, 0.15]
Animal 1.24 0.32 1469 <.001"" 3.44 [1.83, 6.47]
Motorcycle 3.92 0.58 4538 <.001" 50.41 [16.11, 157.70]
Car 1.96 0.25 63.26 <.001" 7.11 [4.38, 11.52]
Road Sign -

Note Road signs were used as the reference category for both urban and rural scene analyses.
OR=0dds Ratio. 95% CI = 95% Confidence Int€pal..01,” p < .001.

3.3.4.ChangeDetection Response TilfiT)

RT was analysed for correct trials only, to examine how long participants required to either identify a
change (for chareggpresent trials) or determine that the scene was unchanged (for cheivggnt

trials). Trials with RTs over 0for changeoresent trials, or 15 for changeabsent trials, were excluded
from the analyses as these represented extreme outl% (of responsesill analyses used GEE
specifying a normal distribution and a log link function, as RTs were positively skewed. Four analyses
were conducted, examining RTs in: urban vs. rural ckalmggnt trials; urban chang®esent trials by
target type; rural changgresent trials by target type; and urban vs. rural chgmgsent trials

including only the three targets that appeared in both environments @mps$, cars, motorcycles).

Within changeabsent trialsRTs were compared between urban aadl scenes. The model showed a
AAIAYATAOFyiG STTS)=21%57pNBOL.Rhebwérdde Nideyeyuiref ioinspect
urban scenes\ = 7046 msSE= 332) was significantly longer than to inspect rural scéniesg623,
SE=318)B=0.01 SE=0.01, OR =1.06, 95% CI OR [1.05, 1.08].

Within urban changeresent trialsRTs were analysed with safety relevance as a covariate and target

GeLIS Fa | LINBRAOUGZ2NY ¢ KSNB ¢4 123) =135.8%d008F=A004,y i ST7
SE=0.00, OR =0.96, 95% CI OR [0.96, 0.97], with participants responding faster to changes rated as
KFE@Ay3 IANBLFGSNI aFl FSieé NBtSOIyOSo ¢HSMNBOIglLa | | f
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p <.001 (see Table-3). There was a discreparmtween motorised road users and other target types.
Specifically, compared to changes involving signs, participants were significantly faster at detecting
changes involving cars or motorcycles, but were not significantly faster at changes involvitigapsdes
or traffic lights, as shown in Figure3

Withinrural changepresent trialsRTs were also analysed with safety relevance as a coaarthte
GFNBSG dGeL)S Fa | LINBRAOG2NIY ¢KS STFSQY=28F al TSi
p=bMnHX o0dzi GKSNB gl & | ¥4 38201p&.MI (fee TaBIEFH.BOG 2 F
shown in Figure-3, the RT results mored the pattern obtained for accuracy. Compared to changes
involving signs, participants were significantly slower at detecting changes involving trees and
significantly faster at detecting changes involving cars, motorcycles or animals.

Finally, RTs we compared between urban vs. rural scenes for the three target types that appeared in
both environments (road signs, cars, motorcycles). There was a significant main effect of environment,
.%(1) = 37.38p < .001, with RTs being significantly longer foao scenes (M = 5105 ms, SE = 77) than

for rural scenes (M = 4803, SE = B&),0.04,SE= 0.02, OR = 1.05, 95% CI OR [1.004, 1.09]. There was

Ftaz I aA3IYATA o) 3 y U 2(2) + 58 ¢0p & .00L, D@ ihis dtdhot SignilicArB\intetaét LIS >
g AU0K Sy dANE Q90B=y6E63 consistent with the accuracy results.
Table 32
Statistical comparison ehange detection Ry target type, within each driving environment
Target Type B SE 2 | {R p OR 95% CI OR
Urban Scenes
Traffic Light -0.03 0.02 1.28 .258 0.98 [0.93, 1.02]
Pedestrian 0.00 0.03 0.02 .886 1.00 [0.94, 1.05]
Motorcycle -0.12 0.03 20.43 <.001" 0.89 [0.84, 0.93]
Car -0.09 0.03 9.87 <.001" 0.92 [0.87, 0.97]
Road Sign -
Rural Scenes
Tree 0.21 0.07 10.43 <.001"" 1.24 [1.09, 1.41]
Animal -0.10 0.02 17.50 <.001" 0.91 [0.87, 0.95]
Motorcycle -0.18 0.03 4161 <.001" 0.84 [0.79, 0.88]
Car -0.15 0.03 31.30 <.001" 0.87 [0.82, 0.91]
Road Sign -

Note Road signs were used as the reference categonotbrusban and rural scene analyses.2OR
Odds Ratio. 95% CI = 95% Confidence Intéfyak .001.
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3.3.5.SelfReport Measures

CFQ total scores were computed by summing responses to all items, yielding possible scores of 0 to 100.
INnthS OdzZNNBy G &l YLIX S / NRPyol OKQa | fLKI 6h5§5 gl a odyo
(M =39.8,SD=10.2). CFQ scores showed a-smgmificant small negative correlation with overall

change detection accuraay<-.21,p = .307) and a moderate posii correlation with RT € .39,

p=.051). Although these trends did not reach statistical significance, they suggest that higher CFQ
scores have a small association with poorer change detection performance (i.e., lower accuracy and
longer time requiredd identify changes).

Scores for the DBQ Lapses and Error subscales were computed by summing responses to the items on
each scale. This comprised 8 items for the Errors scale (possible sé0jyem@ 7 items for the Lapses

scale (possible scores36); ore item pertaining to manual transmission cars was excluded because
several participants indicatedat they exclusively drove automatic transmission cars. For the Errors
subscale observed scores wergd@M=4.7SDIF H dp =X h [  dn T OldobeedsddbrésS [ |
were214M=69SDI odmX h [ dpo0d bSAGKSNI5.v &dzoaolts$s
change detection accuracy (Errars:-.07,p =.749; Lapses:=-.18,p=.372) or RT (Errors=.25,

p=.216; Lapses:=.16,p =.424).

3.3.6.EyeMovementsFixationson Change Targets

Three variables pertaining to fixations on change targets were selected for analysis: probability of
fixating the target; probability of lookdulit-failedto-see errors (i.efailing to detect the change,
despite fixating the target); and dwell time on target.

3.3.6.1.Probability ofFixatingTarget

Probability of target fixation was analysed for all trials, regardless of whether the target was detected, as
this represents implicit capture of attention. Binary logistic GEE was used to assess whether probability
of fixation differed according to target type and safety relevance, within both urban and rural, scenes
with separate analyses for each driving environine

Withinurban scenesK SNBE gl a | AAIYATFTAOI (W=93FpEP@Q,B=@18 al FSi
SE=0.04, OR .14 95% CI OR.P5, 1.23 wherebyparticipantswere more likely to fixate on targets

with higher safety relevanc&here was a also significant effecF G I NH(8) #6423pl<IDAL

Compared to road signs (43% fixated), observers were significantly more likely to fixate both cars (68%
fixated;.2=19.84 p<.001, B=1.02 SE= 023, OR 22.76, 95% Cl OR [77, 4.3])) and motorcycles (65%
fixated;.2=18.12 p<.001, B=0.90, SE= 021, OR =2.46, 95% Cl OR b3, 3.73), but not pedestrians

(40% fixated;%=0.26, p=.611) or traffic lights (42% fixated;=0.04, p =.850).

Within rural scenesthere was a significant effect of safétys t S @Y1y=G%85 p <.001, B=0.31,

SE=0.(, OR .37, 95% CI OR R4, 1.5] Similar to urban scenes, in rural scenes participants were

more likely to fixate on targets with higher safety relevance, but the effect was everféangeal

scenes¢ KSNB gl a | faz2 &ai3y4d 3H5.4lpy.001 Sompated id roadBigns 1 NA ¢
(49% fixated), observers were significantly more likely to fixate both cars (64% fkatbl18

p=.001, B=0.65 SE= 020, OR 4.92 95% COR 1.29, 287) and were less likely to fixate trees (32%
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fixated;.2=7.49 p=.006, B=-0.70 SE= 025, OR .50 95% CI| OR.B0, 0.82). Probability of fixating
motorcycles (51% fixatec? =0.25 p =.618) and animals (39% fixatedl=2.94, p =.086) was not
significantly different to signs.

Finally, an additional analysis comparing probability of fixating the target between urban and rural
scenes (for sign, car and motorcycle targets only) revealed no significant effect of driving entironmen
on probability of target fixation?(1) = 1.42p = .233.The effect of target type was also significant,
consistent with the analyses conducted separately for urban and rural scenes.

3.3.6.2.Probability ofLookedBut-FailedTo-See Errors

This analysis focused on the pability offailingto detect a change despite having fixated on the target.
As with other analyses, comparisons examining the effects of target type and safety relevance were
made separately for urban and rural scenes, followed by a direct urban vsorgarison.

Withinurban scenegarticipants experienced lookdxdit-failedto-see errors on 8% of all trials in which
they fixated the target. There were significant effects of both safety releva(ites 12.11, p =.001,
B=-0.48 SE= 014, OR 9.62 95% Cl OR.;A7, 0.8], and target type,?(4) =52.52 p <.001. Observers
were less likely to make lookédt-failedto-see errors for targets with higher safety relevance ratings,
regardless ofdrget type. As shown in Table&3lookedbut-failedto-see errors were most common
when the target was a road sign, and were significantly less likely in all other conditions.

Table 33

Probability of lookedut-failedto-see errorsn urban scenedy target type

Target Type M B SE 2 | R p OR 95% CI OR
Traffic Light 8% -0.97 0.44 4.97 .026 0.38 [0.16, 0.89]
Pedestrian 1% -2.98 1.02 8.60 .003 0.05 [0.01, 0.37]
Motorcycle <1% -3.91 0.93 17.68 <.001" 0.02 [0.003,0.12]
Car 5% -1.43 0.36 15.47 <.001" 0.24 [0.12, 0.49]
RoadSign 18% -

Note Road signs were used as the reference category. @RIs Ratio. 95% CI = 95% Confidence

Interval."p < .05,"p<.01," p< .001.

Withinrural scenes10% of trials involved lookdxlit-failed-to-see errors; however, this was atéd by

the fact that participants experienced lookbdt-failedto-see errors on 71% of trials in the tree
condition, compared to 0% for motorcycles, 2% for animals, 5% for vehicles and 17% for signs.
Inspection of the data revealed that target type wasfounded with both safety relevance ratings and
probability of lookeebut-failedto-see errors, which precluded the possibility of reliable statistical
analysis. Binary logistic GEE with safety relevance as the only covariate (i.e., target type whs omitte
from the model) revealed no significant effectl) =2.27, p=.132, suggesting that in rural scenes
target type was a better predictor of lookédt-failedto-see errors than safety relevance of that target.
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Finally, an additional analysis comparing probability of lcbkéfhiledto-see errors betreen urban

and rural scenes (for sign, car and motorcycle targets only) revealed a significant main effect of driving
environment,.?(1) = 7.49p = .006, whereby lookebut-failedto-see errors were slightly but

significantly more common in urban (5%)rusal (3%) sceneB= 0.62,SE= 0.23, OR = 1.86, 95% CI
OR[1.19, 2.89]. The effect of target type was also significant, consistent with the analyses conducted
separately for urban and rural scenes.

3.3.6.3.DwellTime on Target

Dwell ime indicates the relative difficulty of identifying targets that are fixated; longer dwell times
indicate the participant requires more time to cognitively process the target. The analyses included only
correct trials in which the participant fixated ttagget. As with other measures, separate analyses were
conducted for urban and rural scenes, followed by a direct urban vs. rural comparison.

Within urban scengghere were significant effects of both safety relevant{d)=9.47,p =.002,
B=-0.06 =018, OR .95 95% CI| OR.P1, 0.98 and target type,?(4) =54.76 p <.001. Dwell
times were shorter on targets with higher safety relevance. As shown in Takiee3results for dwell
time mirrored the patterns for change detection accuragynpared with road signs dwell times were
significantly shorter for all other target types, with the effect being largest for motorcycles.

Within rural scenesthere was a significant effect of safety relevant{g)=22.14 p <.001, B=0.09,

SE= 002, OR .09 95% CI OR 5, 1.13 but the effect was in the opposite direction to that found in

rural scenes: targets with higher safety relevance were associated with longer dwell times. This is likely a
statistical artefact, due to the confound betwetarget type and safety relevanaes the zererder

correlation between safety relevance and dwell time trended in the opposite direEhiere was also a
significant effect of target type?(4) =180.33 p <.001, with considerable variations in dwell time

between targets, as shown in Tabld.3Compared to road signs, observers spent significantly less time
looking at animals, motorcycles and cars, but more time looking at trees.

Finally dwell times were compared between urban and rural scenes, for trials where the target was a
road sign, car or motorcycle. This analyses revealed significant effects of target type, consistent with the
separate urban and rural analyses, but no effect efrdgienvironment,?(1)=0.07, p=.797.
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Table 24
Average dwell time (in milliseconds)}tlo@ changearget, by target typeand driving environment
Target Type M B SE 2ftR p OR 95% CI OR

Urban Scenes
Traffic Light 655 -0.20 0.08 571 017 0.82 [0.70, 0.97]

Pedestian 510 -0.45 0.08 33.44 < .001" 0.64 [0.55, 0.74]
Motorcycle 418 -0.65 0.09 47.37 <.001" 0.52 [0.45, 0.63]
Car 577 -0.32 0.07 23.04 <.001" 0.73 [0.64, 0.83]
Road Sign 786 -
Rural Scenes

Tree 1606 0.54 0.22 5.89 015 1.72 [1.11, 2.67]
Animal 328 -1.05 0.10 108.71 < .001" 0.35 [0.29, 0.43]
Motorcycle 428 -0.78 0.07 113.51 <.001" 0.46 [0.40, 0.53]
Car 667 -0.34 0.08 16.95 <.001" 0.72 [0.61, 0.84]
Road Sign 933

Note Road signs were used as the reference category. @is Ratio. 95% Cl = 95% Confidence

Interval."p < .05,” p< .001.
3.3.7 EyeMovementsNonTarget Fixation Patterns

To examine scanning patterns more generally, several aspects of eye movements were compared
between urban and rural chge-absent trials. These measures included the average number and
duration of fixations made each trial, as well as the probability of fixating specific regions of interest
within the scene and dwell times on those regidhige interest area (IA) regionsre defined on each
image: the road itself; offoad left; offroad right; horizon (where road meets sky); and sky.

As shown in Table% observers made more significantly more fixations per trial, but significantly
shorter fixations, when viewing urbaoenes compared to rural scenes. There were also differences in
where observers fixated: the probability of fixating all five 1As was significantly higher in urban vs. rural
scenes. Dwell timesngasuredas a proportion of the total dwell time for the t)iavere significantly

longer on the road IA for rural vs. urban scenes, but were significantly longer onribedeffht and

sky IAs for urban vs. rural scenes. This indicates that when viewing rural scenes, participants mostly
focused their attention 0 the road itself, whereas in urban scenes they devoted more time to searching
other areas of the scene
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Table 35
Patterns of eye movements in chasadpsent trials, comparing betwednving environmeist
Urban Rural Difference )
Measure Comparison
M@SD M(SD M 95% ClI
Average fixations per trial 15.4 13.6 1.8 [1.3, 2.2] t(25) = 7.62,
(5.5) (4.8) p<.001",d=1.49
Average fixation duration 315 332 17 [12, 23] t(25) = 6.26,
(52) (52) p<.001",d=1.23
Probability of fixation:
IA: Road 94% 92% 2% [0%, 3%)] t(25) = 2.34,
(10%) (11%) p=.028,d=0.46
IA: Offroad left 92% 82% 10% [7%, 13%)] t(25) = 7.08,
(11%) (14%) p<.001",d=1.39
IA: Offroad right 89% 75% 14%  [11%, 17%)] t(25) = 10.56,
(6%) (8%) p<.001",d=2.07
IA: Horkon 92% 86% 6% [3%, 10%)] t(25) = 3.66,
(6%) (12%) p=.001",d=0.72
IA: Sky 84% 52%  33% [29%, 37%)] t(25) = 17.06,
(8%)  (15%) p<.001",d=3.35
Dwell time (% of trial)
IA: Road 29% 34% 5% [2%, 07%)] t(25) = 3.64,
(9%) (13%) p=.001",d=0.71
IA: Offroad left 29% 28% 1% [0%, 03%)] t(25) = 1.61,
(6%) (6%) p=.120d=0.32
IA: Offroad right 26% 23% 3% [1%, 05%] t(25) = 3.43,
(4%) (4%) p=.002",d=0.67
IA: Horizon 32% 31% 1% [-1%, 04%] t(25) = 1.03,
(6%) (7%) p=.312d=0.D
IA: Sky 16% 10% 6% [5%, 08%)] t(25) = 10.96,
(5%) (4%) p<.001",d=2.15

Note 95% CI = 95% Confidence Intefyak .05,"p < .01, p<.001.
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3.4.Discussion

¢KS AY 2F (KS OdzNNBy ( & i dzrReon abilitgin uiban aBdruraYdriying R NA
scenes, for a range of objects that vary in their contextual safety relevance. All participants were
experienced, fuljicenced drivers who drove at least weekly and were familiar with the locations

depicted in thestimulus images, although they reported driving considerably more frequently in urban
areas compared to rural roads. The results revealed several aspects of change detection performance,
including accuracy, RT and eye movements, vary as a functionra drivironment, target type, and

the safety relevance of the change.

3.4.1 Effects of Driving Environment: Urban vs. Rural

When directly comparing performance in urban and rural scevidgstarget type and context matched
between envionments participants were significantly more accurate and faster at detecting changes in
rural scenesompared with urban sceneRarticipants SNBE | £ a2 Y2 NB f oSt e G2
failedto-4 SSé¢ SNNBNEZ $6KSNBoeé& & BoascidusldetécGaRd reépéitShe G | NB S
change, although the effect size was relatively s{@#lvs. 5%)hese differences are most likely

attributable to the fact that urban scenes involve greater visual clutter and complexiyr

knowledge, no previairesearch has compared change detection in urban and rural scenes in the same
way as the current study. However, these findings are consistent with research on visual crowding
(Whitney & Levi, 2001Also, it is worth noting that participants were sigaiitly more familiar with

urban driving, and drove regularly in the areas depicted in the urban sedreeas theyeported

significantly less exposure to rural driving. In this regard, the results are consistent with previous findings
regarding the effets of familiarity on change blindness (eCGharlton & Starkey, 2013; Harms &

Brookhuis, 2016; Martens & Fox, 2D@vhich indicate thadrivers exhibit greater change blindness in
familiarsituations

Despite the slight increase in lookledt-failedto-see errors in urban scenes, there was no difference in
the probability of fixating targets, or total dwell time on targets, when comparing urban and rural
scenes. Analyses of eye movements in chafgent trials suggest this could be because participants
adopted different scanning patterns when viewing urban sceneraximise their likelihood of

detecting target objects in cluttered urban environme@pecifically, when viewing urban scenes
participants made more fixations of shorter average duratiod,distributed their fixations more

broadly throughout the scene, whereas when viewing rural scenes participants made fewer longer
fixations and focused predominantly on the road it§éifs is consistent with research on eye
movements in driving, whichab found that experienced drivers adapt their scanning patterns based on
situational demand€Qhapman & Underwood, 1998; Falkmer & Gregersen, 2005; Underwood, 2007,
Underwood et al., 2002

3.4.2 Effects of Change Safety Relevance

In adldition to the differences that emerged from the direct comparison of urban and rural scenes, the
analyses regarding safety relevance of changes revealed different patterns for the two driving
environments. Specifically, the effects of the safety relevahttee change were larger and more
consistent for the urban scenes. Changes with higher safety relevance were associated with higher
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accuracy, shorter RT, increased probability of fixating the target, reduced probability ofbatked
failedto-see errorsand shorter dwell times. Taken together, these findings suggest that changes with
ANBIFGSN al FSGe NBESGFryOS INB Y2NB SFFSOUAQGS |
fixation) and then, due to their relevance, are processed inteaons awareness. These findings are
consistent with previous change detection research, which has consistently revealed that observers are
more efficient at changes that are more central to interpreting the s@®aasink et al., 199@hd

those that havereater personal or task relevan@@alpin et al., 2009; Lee et al., 2007; Marchetti et al.,
2006; Mueller & Trick, 2013; Shinoda et al., 2001; Velichkovsky et al., 2002; Zhao et al., 2014)

In contrast to the results observed in urban scenes, the eftécafety relevance on detection of

changes in rural scenes was considerably less consistent. Safety relevance of the change had only a
marginally significant effect on change detection accuracy in rural scenes and did not predict RT or
lookedbut-failedto-see errors. The only measure that was clearly affected in the expected direction

was probability of fixating the target, in that drivers were more likely to fixate targets with higher safety
relevance. One possibility is that these inconsistent efteetéinked to théask demands and resulting
performance differences between urban and rural scenes. That is, urban scenes were more cognitively
demanding to process and so observers preferentially focused on aspects of the scene that appeared to
have greter relevance. Rural scenes were easier to process, which meant that participants had the
capacity to process change targets that had lower safety relevance

3.4.3 Effects of Target Type

Beyond the effects of change safety relevancerghvere alssignificant effects of target type on
change detection performance, especially for trees and signs.

Change detection performance was at fldor changes involving treewith most participants failing to
detectall of thetree-related changs. Participants were also less likely to fixate on trees compared to
other target types and were substantially more likely to exhibit lobkediailedto-see errorson the
occasionsvhen they did fixate trees. These patterns cannot be wholly explairgafdty relevance, as

target position was systematically manipulated so that half of the trees appeared directly next to the
road (where they posed a potential hazard in the event of an emergency). However, the fact that drivers
overlooked changes to roadsifoliage is consistent with previous research on risk perception, which
found that participants consistently overlook subtle roadside features that increase the hazardousness
of driving on a particular road (Charlton et al., 2014).

When changes involvegigns, participants were significantly less efficient at change detection compared
to all other types (excluding trees). In both urban and rural scenes, participants were less accurate and
exhibited longer dwell times for sign changes, compared to otpestgf changed.hese results are
consistent with previous research, which found that participants commonly exhibit change blindness
when changes involve road signs (Charlton & Starkey, 2013; Harms & Brookhuis, 2016; Martens & Fox,
2007).0ne commonality@oss the nofsign, nortree target types is that they are all objects that could
plausibly change: cars, motorcycles, pedestrians and araneaddl mobile, whereas traffic lights have a
fixed position but update dynamically. As such, one possibilitpentat participants were
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preferentially attending to aspects of the scene that are most likely to change in a real driving
environment. This is consistent with the fact that changes to trees were almost never detected.

Another explanation is that partugints preferentially attend to elements within the scene that are
potentially dangerous. This is supported by RT, probability of fixation, and-lnatki@iled-to-see error
analyses. Specifically, changes involving pedestrians and traffic lights wagmificantly different

from signchange in terms of RT, probability of target fixation, and lodketefailed-to-see errors. In

contrast, when changes involved cars, motorcycleanimalsparticipants exhibited shorter RTs,

increased probability ofsating the target, and reduced probability of lookmrd-failedto-see errors.

The key difference between cars, motorcycles and animals on the one hand, and pedestrians and traffic
lights on the other hand, is that the former category are more likelyusecdamage in the event of a
collision. (Keeping in mind that several of the animal targets were kangaroos, which pose a particular
threat to drivers in the Canberra region.)

3.4.4.Summary

Overall the results of Experiment 1 indicatattbhange detection efficiency is affected by several

variables, including the driving environment in which the change occurs, the safety relevance on the
change, and the type of object changed. Specifically, drivers are more efficient at detecting whanges
other road users or potential hazards, such as animals near the roadside, as well as changes with higher
safety relevance. Drivers are also better at detecting changes in rural scenes compared to urban scenes,
which is likely because there is lessalislutter in rural areas, but could also reflect the fact that urban
areas are more familiar (which has been demonstrated to exacerbate change blindness)

Most notably, all of the change targets in the current study were potentially driving relevéuat, in t
GKSe ¢SNB NRIR dzaSNE 2NJ NBIFI R&AARS 202S00ao ¢K
NBf SOFyié OKIFIy3aSa INB Sldaftz gKAOK KFa AYLIX A
define relevant vs. irrelevant images.

S N
Ot §
A final pant worth noting is the fact that the seképort measures of cognitive failures and driving

related errors and lapses were not significantly associated with change detection ability. This is

& dz3 3 S 4 éhangeSlindnEss blindnésE ¢ KA OK  NdbtRaSdgerveiis2io notk&y/e aFgood
understanding of their own change detection abaityl commonly undeestimate their susceptibility

to change blindness (Beck et al., 200Y}he context of driving, this could be problematic if drivers are

not awae of precisely how difficult it is to detect changes, especially for changes involving road signs.
Two main avenues are available for addressing this issue. First, driver education programs could aim to
raise awareness of change blindness, specificalilidgtiting the types of changes that drivers are most

likely to have trouble detecting. (Note that some driver education programs do mention change

blindness and/or inattentional blindness, but often use generic examples rather than focusing on
specifics ofvhen these phenomena are likely to occur on the road.) Second, road sign design and
placement should be rigorously evaluated and changed where appropriate, so that redundant signs can
be eliminated and safetyritical signs can be redesigned to bettericagNE RNA GSNE Q | GG Sy
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4. Experiment 2

4.1.Background and Rationale

Driver sleepiness is a causal factor in approximateB0%5 of all crashe#Kerstedt, 2000; Connor,
2009; Horne & Reyner, 1995). Crash oute is often severevith drivers who are sleepy being at an
almost six fold increase in the odds of having an wipugived crash (Herman et,&014). Sleep
related crashes are most commonly characterised by the vehicle drifting out of the drieiagdan
colliding with an object in plain siglaind there are ofteno signs of braking @ttemptedavoidance
manoeuvrs bythe sleepydriver (Horne & Reyner, 1995These types of crashes most often occur on
high speed roads in rural environments. Extraheepiness (having fallen asleep or had to stop drijving)
which may result in outf-lane events while drivings experienced by approximateh98o of drivers
every month (Philip et aR010; Sagberd 999). However, the majority of drivers experieno@me
degree of sleepiness on some occasions (Armstrong 2048B). To date there has been little attempt
to understand the driving impairment experienced due to slight sleepiness prior to the point of
experiencing a micro sleep dodhaving an oubf-lane incident.

AlthoughRNRA GSNJ af SSLIAyYySaa YI{1Sa dzLJ I INBI G &g LINE LI2 N
zones, a recent analysis of Queensland crash data reported that over 40%-otlslisghcrashes occur

in low speedzoneso XX k&nth; Filthesset al, under review. Similarly, in a seléport survey of ACT and

NSW drivers who had had a sleefated driving incident, 25% reported that this incident occurred in a
residential area with speed limit of 50 km/h or less and a further 30% reporiadident occurring on

roads with speed limits between 50 and 80 km/h (Armstrong et al., 2013). To date, the majority of driver
sleepiness research has focused on understanding driver sleepiness during rural or motorway driving
(e.g, Filtness et al., 201Hallvig et al., 201 hilip et al.2005) withlittle attempt to specifically

investigate low speesleeprelatedcrashes.

Sleepiness can cause a range of aafaies which have potential to subithypair driving performance.
For examplesleepiness slvs reaction time, impairs decision making ab#itd reduces vigilance
(Jacksort al., 2013)all of which are essential skills for safe driving. Furthermore, sleepiness impairs
complex cognitive processes, such as information processing and pldqltsrgierne, 2012as well as
reducing the ability to complete dual task paradigms (Haavisto et al., 2010). Division of attention and
forward planning are both skills vital for the detectidiand response to hazards while driving. Another
skill necess® for accurate hazard detection and response is visual scaR&ogntly it has been noted
that sleep deprivation leads to decreased oculomotor functi@@ennaro et al., 200Bransson et al.,
2008), which impairs visual search performance (De Geebhaiq 2001)These subtle impairments

may interact with each othéo impact driving performance prior to the moment of falling asleep and
exiting the road. Further, it may be argued that these skeéls apiddecision making and reactions) are
relativelymore importantin urban driving compared witlural driving.

Although sleep loss impairs several skills that are vital to safe driving in urban enviroantedts;ers
commonly report driving while sleepy in urban areas (e.g., Armstrong €118),1® previous research
has shown a direct relationship between sleepiness and driving satetyan areasThe current work
considers the impact of sleep loss on the ability to detect changes in driving scenesaStespicted
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to a level expectto invoke sleepiness but not so extreme as to expect participants would fall asleep
during the study. The studyas designetb assess whether sleep loss impacts change detection for
driving scengsand whether the impact of sleepiness on change detestimies as a function of the
driving environment or the type of change that occurred, as both of these factors were found to
substantially influence change detection efficiency in Experiment 1

4.2.Method
4.2.1 Paticipants

Twentytwo fully-licenced drivers (15 female, 8 male) age9GeardM = 22.4,SD= 2.4)provided
informed consent and participated voluntarily. Participavdse offeredAUD$50 compensation for

their time, plus an additional allowance to eotravel expenses to attend the sleep restriction session.
All participants had normal or correctémtnormal visual acuity, as measured using a near vision chart,
and drove at least once a week within the Canberra region

Participants were pracreened @ ensure they met relevant inclusion criteria for participating in a sleep
restriction study. Specifically, participants were required to be regt8drotur/night sleepers who did

not take regular naps, suffer from extreme daytime sleepiness, or hagteapydisorders. Participants
were excluded if they smoked, drank alcohol daitg/or theyconsumed five or more higtaffeine

drinks per day.

Ethical aspects of the research were approved by the Australian National University Human Research
Ethics Comrttiee (protocol 2014/458).

4.2.2 Apparatus

+AddzZf adAYdzZ A 6SNB LINBaASY(iGSR 2y | H Ttéackeérwithi S A a
a reported spatial accuracy within 0-2%°, was used to monitor eye movements at a temlpora

frequency of 1000Hz. Head position was fixed using a chinrest with a viewing distancerof 9&lding

a display area of 30.3° x 19.4° visual angle. Stimulus presentation and data acquisition were controlled
via SR Research Experiment Builder.

BodyMed I { SyaS2SI NJ! NYolkyRa ¢gSNBE dzaSR (G2 Y2yAdG2NJ
the three days preceding each testing session. SenseWear Armbands are wearable physiological

monitoring devices that record several parameters; of particular relevartbe current study it
records time spent lying down as well as sleep duration and efficiency.

4.2.3.Stimuli

There were two matched sets of experimental stimuli (stimulus sets A & B), one for each change
detection sessiorThe imagesised within sets A & B were differgbut matched for difficulty of
change detectionfo control forimage repetition primingffects demonstrated in Experiment 1.

Each stimulus set included Bfiage pairs depicting driving scen2d urban chang@resent pairs,20
rural changepresent pairs20 urban changabsent pairs ané0 rural changabsent pairs. In change
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absent pairs the two images displayed were identical, whereas in cheaggnt pairs one of the
images was edited to add, remove or altemgle drivingrelevant target

Each image subtended 23.0° x 17.5° visual angle angkessusing a digital camera mounted on the
dashboard of a station wagon. Urban images were taken in central Canberra (civic, inner north,
Parliamentary Triangle) andraliimages were taken on rural roads in surrounding regions.

Within both the urban and rural environments, five typeshafngetargetswereused In the urban
sceneghe change targets were either cars, motorcycles, road signs, traffic lights or pemugstrith

four imagepairs for each category. In the rural scetfeschange targets were either cars, motorcycles,
road signs, trees or animals, again Vidthr imagepairs for each category

To develop the matched stimulus sets, we analysed the Stuaha fadl each of the 100 changeesent

trials, comparing RT and accuracy (averaged across all participants) for each trial within the 10 different
stimulus categories (i.e., urban/car, urban/motorcycle, urban/sign, urban/pedestrian, urban/traffic light,
rural/car, rural/motorcycle, rural/sign, rural/tree, rural/animal). The purpose of this was to identify
change detection trials that had similar levels of difficulty. Where two trials had similar difficulty, the
image pairs used in one trial were assignestitoulus set A and the other image pair was assigned to
stimulus set B. Some trials appeared to be outliers, in that change detection performance was unusually
good (high accuracy, low RT) or poor (low accuracy, high RT) for that target category,eaimacitpes

pairs were excluded. This resulted in 40 chgmgsent image pairs for each stimulus set (80 tptath

four repetitions of each target type

For consistency, we also included only 40 chatigent image pairs (20 urban, 20 rural) in each

stimuus set, and images in each stimulus set were matched andrdccuracy

LYF3S LI ANR 6SNBE LINBaSYGSR dzaAy3a | aFfAONsSNE &S
followed by a 500ns blank grey screen, followed by the second image for 500nthemanother

500ms blank. The cycle of alternating images and blanks continued until the participant responded, or

for 30s, whichever occurred first. Participants were instructed to decide as quickly as possible whether

a change occurred and then immaidily press the space bar to register their decision. They were then
prompted to report whether a change occurred and, if applicable, the change target. If participants

failed to respond within 38 the program automatically proceeded to a response sdredrasked

GKSY (2 AYRAOIGS 6KSUKSNI I OKIFy3aS 200dzZNNBERo ! @I
GKSGKSNI I OKIFy3aS 200dz2NNBRZ YR Ga@SKAOE S¢E€3x avyziz2
GodzZA f RAYy3AéX daradyéStalggER AaGNF FFAO f AIAKGE F2NI OKI
ChangdINB aSyd GNAFf& oSNBE O2yaARSNBR a02
0dzi 6SNB O2yAARSNBR GAYO2NNBOGE AF (GKS
Changeabsent trials were considerédO2 NNEOG ¢ AF (GKS 20aSNISN
O2yaAiRSNBR eyindicadauRkaOge éccultell (i K

4.2.4 SelfReport Measures

During the introductory session participants completed a demographics questionnaire. Tidedincl
guestions confirming participants met the screening criteria and description of their usual driving
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exposure and behavioun addition, the Epworth Sleepiness ScBeSJohns, 1991) was used to
identify if any participants experienced excessivetidag sleepiness (ESS>12)

For the three nights prior to each experimental study session participants were required to keep daily
sleep diaries of their bed time, estimated sleep onset, night time wakimgsjorningawakening and

rising times. These selport measures were considered alongside the obje&enseWear Armband
recording of sleep.

Participants were asked report their subjective sleepiness on the Karolinska Sleepiness Scale (KSS
Akerstedt & Gillbergl990) 4 the start and end of each stydessionThe KSS measures subjective
sleepiness at a given point in time on-pdint scale (1) extremely aler{2) very alert(3) alert (4)

rather alert (5) neither alert nor sleepy6) some signs of sleepingéd) sleepy, no effort to stay awgke
(8) sleepy, some effort to stay awaked (9) very sleepy, great effort to keep awake, fighting sleep.

4.2.5 Procedure

Participants attended the lab for three-&tinute sessions, which were held on separate days at least
three days part. These comprised one introductory session followed by two change detection test
sessions. All sessions were scheduled on weekday afternoons, at either 1400h or 1445. Participants
completed all three sessions at the same time (i.e., a given partigipaid complete all three sessions
at 1400h, or all three sessions at 141%Pne change detection session was completed following a
normal night of sleeNormal Sleep; N&hd one after sleep restrictidi®R}o five hours which was
achieved by instrugtg participants to delay their beaane by 3 hours on the night before the SR
sessionThe order of bange detection sessiofise., NS vs. SR first) veasinterbalancedetween
participants Further, presentation of stimulus sets was counterbalancedtbatinalf the participants
received stimulus set A in the normal sleep session and B in the sleep restriction session, whereas the
other half received set B in the normal sleep session and A in the sleep restriction session.

In the introductory session pgaipants provided written informed consent, completed the background
guestionnaires, and were given the SenseWear Armband and sleep diaries with instructions on how to
use the armband and record their sleep.

In the two change detection sessions, partioig provided their sleep diary and armband to a research
assistant, who checked the data to ensure compliance with the required hours ofaeepthis was
confirmed, the participant completed the KSS to indicate theitgsie subjective sleepiness.

Paticipants then completethe change detection task, which included 10 practice trials before the

main change detection task, with a break halfway through the task. THeaeler was calibrated for

SHOK LI NIGAOALIYGHQA 3 1 &drdcdiibrafiedl Ster 6h& @eak/ with ¢fifi checks (1 K S
conducted at the start of each trial to ensure accurate gaze tracking was mainkairely, after

completion ofthe change detection tasthere wasa second administration of the KSS to measure post

task subjective sleepiness

4.2.6.DataAnalysis

Pairedt-testswere used to comparsieep duration, subjective sleepiness, and oculomotor behaviour
between the Normal Sleep (NS) and Sleep Restriction (SR) conditions

FinalReport: Effects of sleep loss on change deaathile drivingJuly 201% 40



' | Australian CAR)§
@fw > National :

Gy University

For changepresenttrials acuracyRT targetfixations and dwell time werachanalysed usinRM

ANOVA withiwo within-subjects factorsSleep Condition (2 leveNS, SRandChange Targdb levels

Urban: sign, car, motorcycle, pedestrian, traffic light; Rsiga, @ar, motorcycle, animal, tréeUrban

and Rural results were first analysed separately because the types of change targets varied between the
environment conditions (i.e., pedestrians and traffic lights changed in urban scenes only; animals and
trees changd in rural scenes only).

To compare between Urban and Rural environments only the target types that appeared in both
environments (i.e., signs, caasi}dmotorcycles)vere consideredRM-ANOVAwere undertaken with
three within-subjects factas: Slegp Condition (2 level®NS, SRDriving Environmer(® levelsUrban,
Rural) and Chang€&arget(3 levelssign, car, motorcycje

For changeabsent trialsaccuracy an®RTwere compared usinBM-ANOVA withwo within-subjects
factors: Sleep Condition (2Vels:NS, SRand Driving Environmei2 levelsiUrban,Rural).

All statistical analyses were conducted using SPSS 21.0 statistical software. An alpha level of .05 was
used to determine statistical significanEer ANOVAS, post hoc pairwise comparisare wonducted

using. 2Y FSNNRYA GSadao ¢2 &dzLlLX SYSyiwasuseSasmry i S NLINES |
estimate of effect size. Where Mauchly's test indicated that the assumption of sphericity had been
violated, degrees of freedom were corrected using Hgeldte§ A YI 6§ S& 2F aLIKSNA OA G
values are listed accordingly.

4.3.Results
4.3.1.Participans

Twentytwo participants were recruited for the study. Two participants dropped out after the first study
sessionResults are presented 20 participants (14 female).

All participants were age2D-30 years ¥ = 22.35SD= 2.37, range 2@9).Participants were frequent
drivers M = 7.98 hoursveek,SD= 8.94, range-42), covering a mean of 263n per week$D= 258,
range 301000) One participant wore lenses to correct their visido.participants suffered from
excessive daytime sleepinedsfined aESScores abové2 M = 4.3,SD= 25, range ©611). Additional
participantcharacteristics are presented inbla4-1.

Due to dropouts and scheduling issubgré was somaconsistencyn the counterbalancing of image
setsused. Following a normal night of sld&S sessionJ, participants viewed image setwhereasl3
participants viewed image setBtheir NS sessian
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