Behavioral Adaptatio to Driving Automation Systems: Guidarfoe Consumer
Education

Alexandria Marie Noble

Dissertatiorsubmitted to thé&aculty of the
Virginia Polytechnic Institute and State University
in partial fulfilment of the requirements for the degree of

Doctor of Philosophy
In

Industrial and Systems Engineering

Dr. Sheila G. Klauef Chair
Dr. Michael Manser
Dr. Miguel Perez
Dr. Divya Srinivasan

March 24, 2020
Blacksburg, VA

Keywords:behavioral adaptation, driving automation systems, consumer education,
training, driver behavior

Copyright 2020



Behavioral Adaptatin to Driving Automation $stems: Guidance for Consumer
Education

Alexandria Marie Noble

ABSTRACT

Researchers have postulated that the implementation of driving automation systems
could reduce the prevalence of driver errors, or at least mitigate the severity of their
consequences. Whildriving automationsystemsare becoming increasingly common
new vehicles,drivers seem to know very little about theihe following dissertation
describes an investigation of driver behavior and behavioral adaptation while using driving
automation systems in order to improve consumer education and training. $arsatiisn
uses data collected from test track environments and two naturalistic driving studies, the
Virginia Connected Corridor 50 (VCC50) Vehicle Naturalistic Driving Study and the
NHTSA Level 2 Naturalistic Driving Study (L2 NDS), to investigate drivehavior with
driving automation systems and make suggestions for modifications to current consumer
education practices. Results from the test track study indicated thatnalmlag strategy
elicitedlimited differences in knowledge and no differencdriver behaviors or attitudes
operator khaviors and attitudes were heavily influenced by time and experieticthes
driving automationThenaturalisticassessment of VCC50 data showed that drivers tended
to activate systems more frequently in appiater roadway environments. However,
drivers spent more time looking away from the road while driving automation systems
were active and drivers were more likely be observed browsing on their cell phones while
using driving automation systems. The anialgé L2 NDS showed that drivesitime gap

preferences changes drivers gain experience using the driving automation systems.



Additionally, driver eye glance behavior was significantly different with automation use
and indicated the potential for an adagtivend with increased exposure to the system for
both glances away from the roadway and glances to the instrument panel. The penultimate
chapter of this work presents training guidelines and recommendations for consumer
education with driving automatiorystems based on this and other research that has been
conducted on driver interaction witliriving automation system&he resultsof this
researchndicate thadriver training should be a key focus in future efforts to ensure the
continued safe use ofiding automation systems as they continue to emerge in the vehicle

fleet.



An Assessment of Operator Behavioral Adaptation to Driving Automation Systems and
Training Guidelines
Alexandria Marie Noble

GENERAL AUDIENCEABSTRACT

While driving automationsystemsare becoming increasingly commam new
vehicles,drivers seem to know very little about them. Previous studies have found that
owners of vehicles equippedvith advanced technologies have demonstrated
misperceptions or lack of awareness aboutesydimitations, which may impact driver
comfort with and reliance on these systerRartial driving automation systems are
designed to assist drivers in some vehicle operation dem#rals are nqothowever,
designed to completely remove the driver fromdhiving task. The following dissertation
describes an investigation of driver behavioral adaptation while using driving automation

systemswith the goal oimproving consumer education and training.
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Chapter 1. Introduction

In 2016 there were 34,43 ffic fatalities in the United States, 94% (+2.2%) of these fatal
crashes were asalt of the choices made by drivéhational Center for Statistics and Analysis,
2018; National Highway Traffic Safety Adminitstration, 201Becognition errors which include
inattention, internal and external distractioasdsurveillance errors (41% +2.2%) was the most
frequently assigned critical reason for crash involven{dladtional Center for Statistics and
Analysis, 2018)Decision errors were the second most frequent and included driving too fast for
conditions, false ailegalmaptuivem @fhdotmh e @ ganetnit o r
speed This categoryaccountedor approximately 33 percent (£3.7%) of all craslkidational
Highway Traffic Safety Adminitstration, 2018l is evident that driverare the single largest
factor influencing transportation safety in the United Stdtesrder toreduce the unacceptable
volumeof traffic fatalitiescountermeasures shid focus on reducing human errors.

Researcherviavedeveloped a wide range of countermeasures to address human errors
including improved perception of roadway through lane markings, roadway signing, and rumble
strips (Finley, Funkhouser, & Brewer, 2009; Gibsdh Crooks, 1938) These traditional
countermeasures have been complemented by more technologically sophisticated methods as the
costs of hardware (e.g., cameras and sensors) decline and computing systems demonstrate higher
processing capabilitiesSpecifcally, researchers have postulated that the implementation of
driving automation systems could reduce the prevalence of driver errors, or at least mitigate the
severity of their consequencilanco et al., 2016; Scanlon, Kusano, Sherony, & Gabler, 2015Db,
2015a; Stanton & Salmo2009) Research indicating that over 30% of traffic fatalities could be
prevented through the use of these systems emphasizes the significant benefits that could be

achieved throughhe deploymentof driving automation system@ermakian, 2011; Reagan,



Cicchino, Kerfoot, & Wast, 2018)

In fact, he prevalence of driving automation systems as a standard feature or part of an
optional package increased between the 2016/2017 and 2018/2019 mode{Cgeamsmer
Reports, 2019a0ne contributing factato this increasenay bethe support demonstrated by the
federal government toward the goal of broad deployrttenugh thedevelopnent ofvoluntary
guidance Thisguidance is intendett support the automotive industagd other key stakeholders
as they considebest practices relative to the testing and deployment of automated vehicle
technologieqU.S. Department of Transportation, 2016, 20THe demand of these systems is
also driven in part by consumer desire to possess/eéile technologieAnkem, Noble, Miles,

& Klauer,2019%and ori ginal equi pment manufacturerso |
customers.

Regardless of the underlying reasons for thmintinued popurity, it is clear that
automated driving systems promise to impact transportation safety in beneficiaHoayser,
it is important to note that the purported benefits obmated driving systems may not fully
materialize unlesdrivers use them approgtely. A myriadof inquirieson driver knowledgand
useof automated driving systenmmveshown thathese systemare misunderstood by operators
with regard to their capabilities and limitatiomsd oftentimes misused(Larsson, 2012;
McDonald, Carney, & McGehee, 2018a; McDonald et al., 2015, 2016; McDonald, Reyes, Roe, &
McGehee, 2017; C. M. Rudigrown & Parker2004)

It is this notion of how driversnayuse or misusériving automation systenthat is the
central focus othis dissertationSpecifically, how do drivers adaptdaving automation systems
over time, are these adaptations supportive of imprtnamsportation safety, and what are some

of the factors that influence adaptation@ achieve the maximum safety benefits of driving



automation systems these questions must be addr@gsedemainder of this introduction will
provide an overview of therior literaturewhich serves as tlfeundation for the development and
conduct ofthis work.

A summaryof the SAE InternationalLevels of Driving Automation will be provided to
offer context for the importance of user knowledge of system capabilitidgvatations as well
asthe roles and responsibilities associated with each level of automation. This will be followed by
an overview of the driving task amddescription ohow the introduction of automatiaitersthe
role of thevehicle operatorThe tleory of driver adaptation through the lens of perceived and
desired risk as well as the possible adverse outcomes of behavioral adaptation as it pertains to the
use of driving automation systenmscluding disuse and misuseill then be discussed. The
penutimate section will discudactorsthat influence behavioral adaptation in the husmsachine
relationship because theselementscan influence the degree to whidienefits of driving
automation systems can be derivétie final section willdiscuss one gssible mechanism for
staving off negative adaptive driver behaviors, improving driver training pradbcedriving
automation systemdhe introduction will conclude with a summary of key research gaps and the

objectives and questions thegrve ashefoundation of this dissertation.

Driving Automation Systemsi SAE Levels of Driving Automation

Differentiating the levels of driving automation from one another can be a daunting task.
The Society of Automotive Engineers developed a taxonomy (SAE J3016@gfine and
standardize the levels dfiving automation. The SAE Levels of Automation range from level O,
no driving automation to level 5; full driving automatidiigure 1 shows the description of the
each level of automatioas defined bYSsAE J3016 which attempts to clarify the human role, if

any, during driving automatioengagemer(SAE International, 2018 helower levels of driving



automation, which are available today on vehicles, conslstvefs Oi 2. Whilst using levels 0
2, thehuman operator is responsible for the constant supervision of the support features and is

responsible for maintaining safety.

ng SAE J3016™LEVELS OF DRIVING AUTOMATION

SE SE SE
LEVELO 2 LEVEL1 J LEVEL 2

You are driving whenever these driver support features You are not driving when these automated driving
are engaged - even if your feet are off the pedals and features are engaged - even if you are seated in
\A;lhat does ::e you are not steering “the driver's seat”
uman in the
river” : DA
dh;vi t‘;s:g; You must constantly supervise these support features; When the feature These automated driving features
: you must steer, brake or accelerate as needed to requests, will not require you to take
maintain safety you must drive over driving
These are driver support features These are automated driving features
These features These features These features These features can drive the vehicle This feature
are limited provide provide under limited conditions and will can drive the
to providing steering steering not opéerate unless all required vehicle under
Wtftattdo th(e‘sg warnings and OR brake/ AND brake/ conditions are met all conditions
eatures do: momentary acceleration acceleration
assistance support to support to
the driver the driver
sautomatic +*1ane centering *[ane centering traffic jam slocal driverless *Same as
emergency OR AND chauffeur taxi level 4,
braking , «pedals/ but feature
Example <biind sbot +adaptive cruise [ *adaptive cruise teeri can drive
Features 1nd Spo control control at the steering everywhere

viheel may or
may not be
installed

warning

same time inall

+lane departure conditions

warning

Figure 1. SAE Levels of Driving Automation(SAE International, 2018)
Used under fair use, 2020

The primary level of automiain discussed in this dissertation will be limitedewel 21
Partial Driving AutomationL2). The example support features showrFigure 1 for level 2
include thesimultaneous use of adaptive cruise control and lane centering systems, which are often

referred to as lane keeping systems. A detailed description of these systems follows.

Adaptive Cruise Control Adaptivecruisecontrol (ACC) simplifies the task of iding because it
reieves the driver of the mentally demanding tas
to other vehiclegReif, 2014) According to SAE J2399, Adaptive Cruise Control (ACC) is an
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enhancement of conventional cruise control which allows the-aQ@pped vehicle to follow a
forward vehicle at a prselected time gape(g., clearance, following distance) up to a driver
selected speedSAE International, 204). The control of vehicle spacing is achieved through
automated control of the engine, powertrain, and/or service brakes. The main area of application
for ACC is on expressways and muéine roads with light to relatively heavy traffic densities
(Reif, 2014) Typical ACC system components inctud ranging sensoe.g., millimeter wave

radar) optical sensgrengine management with electronic torque control, and electronic braking

modulation(Reif, 2014; Tsugawa, 2006)

Lateral Control Systems

The primaryfunction oflateral control systemis to assist drivers with maintaining their
current travel laneThesesystemsgenerallyuse forward facing cameras and niaehvision to
detect lane markings on the road and one or more vehicle control functions (steering, braking,
drive torgue) to ensure the vehicle remains within its [8#E International, 2016a; Tsugawa,
2006)

Lateral control systems can offer differetggreef assistance depending on what type
of system a vehicle is equipped witlwo types of lateral control systems are available: lane
keeping and lane centering systeirene keeping assistandeKA ) can detect lane markings and
will notify the driver if any mi nt ent i onal | ane deviations are
respond in time, LKA will provide corrective steering to keep the vehicle within the current lane.
The more advanced iteratioof lateral control iscalled Lane Centering Assifi.CA), which
attemptsto keep the vehicle centerewdthin its current lane of travel, withih he syst emo
operational design limitation8oth systems are often referred to collectively as LKA desdipée

functional dissimilarities which contributes to consumer caofusnd expectations for system



performance. According to Consumer Rep@2819b) many cosumers do not understand the
difference between systems that activate to keep the vehicle from departing the lane and systems

which continually keep the vehicle centered in the lane.

The Driving Task and Driving with Automation

Although we often think ofiriving as a relatively simple task involving starting a car and
controlling acceleration, deceleration, and steering to get from point A to B, this aver
simplification Operating a vehicle is a complex task that involves, for example, constantly
tracking and predicting the path of objects (e.g., cars, trucks, pedestrians), continuously controlling
a vehiclebs position and speed, and deter mir
substantially under unique conditions such as nighttimaclement weatheihe availability of
driving automation systenelds an additional layer of complexiBriver behavior models allow
researchers to represent the aggregate behavior of the driving population or the information
processing of an individl driver. This is important for understanding hake current state and
changes to theomplexity of the driving environmeand vehicle may impact driver performance

One constructin particular, by John Michon (1985) is the foundation of SAE J3016.
Michorb s mod e | uses a hierarchical approach and
both assisted and unassisted driving situatiBns.s econd construct i1 s Gi bs
saf e tr aveeamines humani peformance from aocologcal perspectiveusing a
conventional automobile Gi bson & Cr o o0k 0 sessénfiatoerndefstandingteea f e t 1
requirementgor the safe use of driving automatias it considers other road users and the driving

environment

Mi ¢ h on 6 s hbévioin ModelrMicBoe (1985)developed three levels of skills and control for

the driving task speddally. The three levels are: strate@itanning),tactical (maneuvering), and



operational (control). These levels were definedoading to the timand attentiorrequired for
the subtask at that particular lev@louw, 2017; Reason, 1987)

The control levelsubtasks arghe simplesttasksand i nvol ve control |
lateral and longitudinal position on the road through braking and steering. Thetsslsdre
compleed through automatic actimver a very shomperiod of time(milliseconds). Theactical
level describes how drivers maneuver the vehicle through control inputs, allowing them to
negotiaé through the driving environmeitased on the prevailing circumstances. Driving
maneuvers are largely constrained by the affordances of the enviroftiesdn, 1979; Gibson
& Crooks, 1938) This stage involves tactical decisions and maneuvers by drivers to particular
situations to achieve pigetermined goals. Sttlasks at the tactical level occur in a matter of
seconds. Thetrategic/planninglevelis the most advanced stadieis stagerequires developing
the goals of the driving task such as navigating to the destination, as well as specifying the sub
goals such as route selection. The planning stage of driving takes more fitae &md execute

than other stages of the driving task.

Gibson & Crooksi Field of Safe Travel

In conventional driving, lte driving task is primarilya perceptualtask with vehicular
control tasks beingimple and easily learneBor both conventional diing and assisted driving
however, it is essential that the operator of the vehicle obtains infornfratotheforward visual
scene(Gibson & Crooks, 1938)Gibson and Crooks described theld of safe travehs the
roadway environment consisting of safe and unsafe areas. Typically the safe location was
consideredhe middle of the roadway while an unsafe location was generally identified as general
obstructions or physical road boundaries (e.g., curbs, ditches, or other vehicles). During the process

of locomotion obstacles are met with and the field of safe tragglshift so that locomotion may



be appropriately modified to avoid them. This process is guidelirést perception.

When drivers are not actively monitoring the roadwegardless of whether they are
assisted by driving automation or ntite boundari of the field of safe travel may shift without
their knowledge. Furthermore, isperceptions about driving automation sysisapabilities and
performance limitationsmayi nf | uence the driver ds pieeremrept i on
it is imperativethat driverhave adequate knowledge of their driving automation systems and pay

sufficient attention to the roaahilst usingdriving automation systems

Driving with Automation

Whenlevel 2 driving automation systems are active on equippbities,it is important
to note thabnly part of the dynamic driving tagPDT) is performed by the driving automation
system. The DDT consists of all tife realtime operationalandtactical functionsrequired to
operate a vehicle in erad traffic, eplicitly excluding all strategic functions'&ble 1). While
driving automation systems aextive t he dr i ver is responsible fo
performance Driving automation systemare intendedto supportthe driver in performing the
DDT within the Operational Design Domain (ODD) specified for the systems. The driving
automation systendo not replace, a driver in performing the DBd are not intended to apée
outside of their specified ODIn order for the DDT to be completed successfullycathponents
must be completed by a human driver, a driving automation system, or a combination of the two

(SAE Interrational, 2018)



Table 1. SAE Dynamic Driving Task Component for Level 2 Driving Automation with
ask Il evels

Mi

chonos

t

Completed by

SAE DDT Component Mi chonos Driving
Automation
Lateral vehicle motion control via steering Operational X
Longitudinal vehicle motion control via acceleration ar .
Operational X

deceleration

Monitoring the driving environment via object and eve
detection, recognition, classification, and response

Operational &

. tactical
preparation
Maneuvermplanning Tactical
Enhancing conspicuity via lighting, signaling and Tactical

gesturing, etc.

The second and possibly most difficattmponent of the DDT is th®bject and Event

Detection and Response (OEDRybtask. This subtask involves monitoring the driving

environment as well as executing the appropriate response to events. This candriciange

events associated with system actions such as undiagnosed driving automation system errors or

state change#\ level 2 driving automation feature is capable of performing limited OEDR (SAE
International 2018).However, here are some events that the driving automation system is not
capable of respondiny which ultimately require human operator interventibnis is why itis

the responsibility of e driverto supervise the driving automation system performance by

completing the OEDR subtask of the DDHlowever, if the human operator is not alert and

therefore, uaware of changes in the environment they mayhave sufficient time or ability to

respond to obstacles.

The introduct.

on

of

dr

Il ving aut omat i

on

anactive participant to a passive supervisdrese alterationsould result inbehavioral changes

in the driver, especiallyif this increase in technological assistarisecoupled with lack of

t

0]



knowledge of driving system performané@ne concern is that as more rapid control subtasks
(e.g., lane and speed maintenanas) being hatled by the drivingautomation the human
operatomay neglect to effectively perform the OEDR t&dk.This concern is not unfounded as
researclon humarautomation interaction in othdomainshas indicated thaiperatoibehavioal
change may result froack of relevant eperience with the given task demar(@anton &
Young, 2005) vigilance decrements associated with reduced worklgadsley & Kiris, 1995;
Louw et al., 2017; Louw &Merat, 2017; Merat et al., 2019; Strand, Nilsson, Karlsson, & Nilsson,
2014) or complacency with the automated systefBahner, Huer, & Manzey, 2008; Manzey,

Bahner, & Hueper, 2006; Singh, Molloy, & Parasuraman, 1993b, 1993a)

Driver Behavior and Behavioral Adaptation

System designers often assume that technology will be used in planned and predictable
ways, in alignment with the systems intended use cases; however, this assumption is not warranted
gi ven Hemomstated capability generateworkarounds to common situatioriélter,

2014; Debono et al2013; Seaman & Erlen, 201%)is not unreasonable to expect drivers to alter

their behavior when driving automation systems are active beyond the scapatefould be

anticipated by a system designer For exampl e, t he datthe mumanr 6 s i1
relinquishes lateral and longitudinal control of the vehicle to the driving automation system while

the human driver continues performing t&&DR subtask in earnestHowever, with time,
experience, and familiarity with driving automation systems, the human operator may stop
performing the OEDR subtask in favor of a migisurelytask (e.g., texting, napping, or reading).

The most often used definition for behavicadbhptation comes from tl@rganisation for
Economic Cooperation and Developm@dECD). This committee of experts were tasked with

the responsibility to review to what extent andaihat direction drivers adjust their behavior in
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response to system chasgehich are designed to improve saféfhe OECD(1990) defines

behavioral adaptation as the collectionfob e havi or s whi c hthenrdrgducton c ur f ¢
of changes to the roasehiclg user system and which were not intended by the initiators of the

¢ h a n(p.23). This definition is highly generalizable and encompasses all aspects of behavioral
adaptation as it pertains to driving autoimatsystemsMaximizing success and minimizing the

likelihood of unintended negative consequences caradbgeved by anticipating potential
behavioral changes or by more accurately predicting when and under what circumstances
behavioraladaptation is likgl to occur (RudinBrown & Jamson, 2012How drivers useheir

driving automation systems may be influenced by thelmationto altertheir behavior based on

their perception ofthe systerd sapabilityunder specific conditions

Behavioral Adaptation and Risk

Early studies of behavi or al(196d4)dtadp éxantining n wer
galvanic skin response (GSR) during driviwbich led to the development of zersk theory
(Naatanen & Summala, 1974; Summala, 1988k compensatiof O6 Nei | | , 1977, F
1975) and risk homeostasi§Trimpop, 1996; Wilde, 1982)Risk compensation and risk
homeostasis function under the principles of a percepiauation process, with behavior
adjustment regulated bigedback. This behavior adjustment is assumed to be influenced by
individual capabilities and situational factors. The basic ideas behind these theotipseamgle
have arawarenessf a level of risk that they are willing endure 2) they havea le\el of riskthat
they are willing to accepbften referred to as thetiarget level of risk and 3) they are generally
able to perceive their current level of risk. However, many behavioral adaptation theories fail to
consider experience and tiraeplicitly. This omission waszcognizedy Fuller(2000)which led

to the developmerdf Risk Allostasis Theory (RAT)
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Risk Allostatis. Allostasis is defined ashe process by which a state of internal,
physiological equilibrium is maintained by an organism in response to actual or perceived
environmental and psychological stresgdsrriam-Webster, 2019)RAT refers to adaptation to
a dynamic target condition and is defined as maintaining certain conditions that vary according to
an individual 6s n(Eual 2018 Thid theorycomsiderssthe alefimitiors of
target risk for different drivers and situations, not through statistical analysis, but through an
inferred costbenefit analysis of safe and risky behavioral choices. Thisheosfit analysis
swersedeghe otherfactors such asperceived capability, journey goals, effort motivation,
disposition identified in RATFuller, 2011)

Fuller notes that theffects of risk feelings on decision makiage not binary, rather they
are continuouslyresentand constantly evaluatedhis constant evaluation of task difficulty and
perception of riskinforms driver decisionmaking, either consciously or swabnsciosly.
However, only wherthe threshold poinbof subjective risk is reached dask feelings become
salient to the driveffuller, 2011, p. 31)One of the key predictions of RATifdrivers experience
a change iworkloadwhichr e duces task demand below the dri
driver will seek to increase task demand in some other way, possibly by undertéleantpsks
such as searching the radio or using their mobile pfiimaear & Helman, 2013)This concept
applied todriving automation systesnis concerning as these systems are designed to reduce
workload and users are generallyiiiformed about system capabilities and consequently, may
perceive the workload reduction to be greater than it actually is. Therdforers maybelieve

they are able to undertake other tasks in lieu of completing the OEDR subtask.

PossibleAdverse Outcomes oBehavioral Adaptation with Automation

The premise of reinforcement is that under particular stimulus conditions, behavior that is
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followed by rewarding consequences becomes strengthened relative to other behaviors which
could occur under those same coiadis (Fuller, 2007) The concpt of reinforcement has been

used in psychologyo explain changes in behavior thedflect learning. Prior work has been
conducted using animals as subjects with reinforcers or punishers such as food or electric shocks.
However, in the driving domain, research on the concept of reinforcement is rather sparse with
some notable exceptions, such as intatliggpeed advisory systems and seatbelt(Reagan,

Bliss, Van Houten, & Hilton, 2013; ReinharButland, 2001) Reinforcement is the primary
mechanism behind Operant Condition{&inner, 1953)the basic oprant model of conditioning

is the thregerm contingency:

A (Antecedent) Y B (Behavior) Y C

The antecedent is the stimulus event that precedes the target behavior. The behavior is the
action that the individual exhibits in response to tirawdus, and the consequence is the behavior
or stimulus that immediately follows the behavior. One type of consequence is a reinforcer, which
increases the probability that the response will be emitted in the future. One example of a positive
reinforcer & performing a secondary task while utilizing vehicle automation; the behavior of
secondary task engagement is strengthened by the presence of driving automation system
activation when the automation is working properly. The other type of consequen&eswane
as punishers. Punishers are a consequence that decrease the likelihood of a behavior occurring
(Schunk, 2012)In situations where drivers experience a punishment such as a crash, near crash,
or violation of expectations associated with the use of LZBystthey may suspend a secondary
task activity or disuse automated systems for a period of time.

If a behavior, its antecedents, and its consequences are observable and maasurable
behavior can be predictd®kinner, 1953) This means that if & can measure behavior of the

driver while utilizing driver assistance systems, along with the antecedents and associated
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consequences, then we can predict how drivers will react in different situations (e.g., situations
where drivers will be more likelyotengage in secondary task&hy unintended behavior that

emerges and is sustained does so for a reason: the behavior is reinfuttiee driver learns

which circumstances afford the opportunities that provide belfetiter, 2007; Vaa, 2013Thus,
drivers6 responses in the presence of dri vin
controlled settings and by observihgw drivers interact with driving automation on public
roadways. These observations of driver behavioral change with increased exposure is a form of

learning, as drivers learn to trust the systems they may behave differently over time.

Automation Disuse

Operators may dislike or mistrust the driving automation systems and may suspend use or
stop using the system completely. System disuse welidinate any possible benefit of the
automated systenbistrust describes a system in which the user beliewesth t he aut omat
performance is less than it actually & survey study conducted lBichelberger and McCartt
(2016) found that approximately a quarter of driveeceived lane departure warnings they
perceived were unnecessary. Only 13% of drivers surveyed in this study used the lane keeping
assistance system (in these models the system was off by default). However, Eichelberger and
McCartt note that in other studie wher e the default of the LKA s

disuse rate (31 49%).

Automation Misuse

Automation misuse results from over trust in the system or complad@itioygs (1976)
defined complacency aselfsatisfaction which may result in nemgilance based on the
unjustified assumption of satisfactory system state. Comp&c has been mentioned as a

potential negative effect of automatifMetzger & Parasuraman, 2001; Parasuraman, Molloy, &
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Singh, 1993; Singh et al., 1993b)herefore, contermeasures such as driver monitorgygtems
are being deployed tsupervise the driveduring periods of automation system activation to
prevent this type of behavi¢BAE International, 2018 omplaency leads to a failure to monitor
an automated system, hence, failure to notice when a fault occurs. With an increase in the reliability
of automation comes a decrease in failure events. To this end, automation failures may be missed
altogether becausbay become a rare occurrence and user faith in the automated systems is high
(Molloy & Parasuraman, 1996; Sebok & Wickens, 2017; Wickens et al., 2009)

It was noted byMosier & Skitka (1996}hat opeators can sometimes rely on automated
cues as a heuristic replacement for attentive information seeking and proc@ssiagch et al.
(2014) found that operators had difficulty troubleshooting system performance issues and
recoveringfromuex pect ed system errors When operators
long periods when alerts are silent (or not activated) they can turn their attention elsewhere to
support concurrent tasks. This is described as a high reliance on autofDatamn & Wickens,
2006; Meyer, 2001)

Frequentl vy, these issues have been attribedt
monitoring of highly reliable automated systefRarasuraman, Sheridan, & Wickens, 2008js
was observed bivosier etal. (1998) where automation bias played a significant role in pilot
interaction with automation aids and monitoring the environmdaheras et al. (20133lso
showed that when a driver was given the opportunity to relinquish control of lateral and
longitudinal operations over to a simple but reliable automated system, most dilvergyage
in moderate to complex secondary task activities.

Misperceptions of system capabilities and limitations can encourage the misuse or disuse

of driving automationsystems Training drivers is one way to reduce the likelihood of these

15



maladaptivebehaviors occurring or to correct theahthe onset of complacendResearch has
shown that by training operators about a syst
reliance pattern@oustanai, Cavallo, Delhomme, & Mas, 2012; Masalonis & Parasuraman, 2003)

and reduce complacen@ylanzey et al., 2006)

Factors Influencing Behavioral Adaptation

Amyriad of factors can influence a drivero
moment to anotheMhe psychosociatharacteristics of thpotential user may influence driver
behavior while using dring automation system@&udin-Brown & Noy, 2002; RudirBrown &
Parker, 2004; Stanton & Young, 2006pr example, drivers who are technolayersemay be
less willing to utilize automated systems whereas those whteeheologicallyinclined may
inadvertently place too much trust tiheir driving automation systemédditional factors for

consideration of driver behavioral adaptation to driving automation systems are described below.

Technology Acceptance
The Technology Acceptandédodel (TAM) (Davis, 1989, 1993}onsiders the actual use
of the technologys a mediating factor of user acceptance ofstem, but neglects to consider
how actual use affects future usghazizadeh et al.2012) extended the TAM to create the
Automation Acceptance Model (AAM) shown kilgure2. This modification includes the explicit
additions oftrust and compatibility as well as a feedback mechanism. The feedback mechanism
stemd r om f Act u a WhicB wilsfartbemnfddns thedconstructs of trust, perceived ease
of use, compatibility, perceived usefulness, and the behavioral intentios. tohis indicates that
that the amount and nature of a usero6s interac

their trust in the system and potentially their behaviors while the system is being used.
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Figure 2. The Technology Acceptance Model as augmented Bhazizadeh et al. 2012)to

Trust

The construct of trust is complicated and mfdtetted, however, the outcome of

create the Automation Acceptance Model.

Used under fair use, 2020

inappropriate trust/reliance on automation is simple. When operators do not exercise appropriate

trustin vehicle automation the full benefit of these systems is unable to be attained. In their review

of the varying definitions of trust,ee & See(2004)identified a general theme of expectations

regarding behaviorsr@utcomesHoff & Bashir (2015)suggested that trust was divided into three

distinct categoriesdispositional, situationaland learnedEach level of trust is influenced by

uni que

factors

system under evaluation.

Dispositional trust. Dispositional trust is independent of the context or siysidumerous
psychometric
Rotter, 1980) Merritt andllgen (2008) found that individuals with high levels of dispositional

trust in automation were motiely to trust reliable systems; however, their trunsparticular
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may decline more considerably following system srdikely due to having their expectations

violated.

Situational trust.  Situational trust depends omultiple factors including: the
environment, the automated system, and dbetextdependent characteristics of the human
operator. The external facsorelated to the driving automation system include system type,
complexity, pereived risk, and perceived benefitwhile user relatedfactors include self
confidence, expertise, mood, and attentional capacity. When users have sufficient cognitive
resourcs available, they may be able to engage in the analytic process of trust formation by
rationally evaluating the salient characterist€she systemHowever, when cognitive resources
are constrained, the users are more likehgelp on analogic and afféive thought processdtee

& See, 2004)

Learned trust & dynamic learnedtrust. Learned trust drawsomt he user 6 s ex pe
or current interaction with a given system. Learned trust in a driving automation system is directly
influenced by preexisting knowledge and bias along with the performance of system. In theory,
learned trust is closely linked to situational trustduse in many cases, automated systeuss
be usedfor trust togrow (Muir & Moray, 1996) Using automation provides users with the
opportunity to observe how the system works and thus develop trust, whereas disusing automatio
stifles the growth of trust. However, there araultitude of factorghatcan influence trust befe
any interaction with ariving automations y st em has occurred (e.g.,
commercials, and other informational materidpff & Bashir, 2015. Learned trust is also
dynamic in that it continues to change with increasing exposure to the automated system. It can

also be influenced by system design features,
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performance(Louw, Kountouriotis, Carsten, & Merat, 2015; Parasuraman, Bahri, Deaton,
Morrison, & Barnes, 1990; C. M. RudBrown & Noy, 2002; Sarter & Woods, 1995)

The QualitativeModel of Behaviagal Adaptionhypothesizes thahe degree of behavial
adaptation will be related to the amount aeistra user has in the system. RuBmown and Noy
(2002)found that drivers reported a higher degree of trust in both the reliable systems and those
systems which provided false alerts after exposure. Interestingly, they also found thaisdieter
about t hreliabdity petsisted@fsture exposuresegard e ss of t he systembd:
during subsequent interactions Gi ven wuser 6s propensity to trus
strong motivation for setting cleaxpectéions regarding system purpose, limitations, and driver
responsibility. Asssting drivers in developing a sufficiently accurate mental model of system
capabilitiesand their role in the humamachine relationship will help facilitasgpropriate use of

driving automatiorsystems andssist in managingser expectations.

Mental modelsand perceived system capability

Whengiven no other guidance, users will look to the visible components, observe system
behavior, and then make guesses about Ahow t h:
which may be vastly different fromeé¢h i nt ended purpose of the desi
can differ, often significantly, from the designers intentions due to varying prior knowledge,
individual abilities, and different beliefs about the purpose and function of the sikirassen,
1995) Having an accurate mental model will appropriately guide user behavior and predictions
about system behavior. Having an inaccurate mental model will lead to user errors and inaccurate
predictions about systemctivity. When drivers lack appropriate understandingaofomated
systemsthe consequens&an be misuse or underuse, which undercuts the potential benefits of

these techrogies. This can also lead gaps in knowledge thabnsumers wilfill on their own,

19



potentiallywith inaccurate information or beliefs derived from limited exposure or observation.
The mental models ariving automation systems and truspresent an emerging and

important area of research. Beggiato & Kre(@913) evaluated mental models and trust in

adaptive cruise control (ACC), a widely deployed advanced driver assistance system. Study
participants were provided with one of eékr descriptions of the ACC system: (1) correct (all
accurate information presented); (2) incomplete (only presented accurate information but omitted
some of key accurate information); or (3) incorrect (included some accurate and some inaccurate
information). The questionnairb ased assessment of participants

that thér mental models improved with experience using the ACC system

Exposure and Experience

Exposure has serious implications for information seeking and the pottortighe
development of misperceptions of system capabilities. In 1988frey, Allenckr, Laughery, &
Smithfound that the more hazardous consurperseive a product, the more likely consumers are
to look for warning. Furthermor@&yersky & Kahnemari1971)argued that individuals tended to
place udue confidence in observed behaviors during early exposures. Thus, this confidence can
result in misunderstandings that are not corrected through the natural course of error free driving.
These findings were corroborated in a report by McDonald @@&l8a)\where owners of vehicles
with driver assistance systems have-sghiorted potentially dangerous behavioral adaptation such
as high risk secondary task engagement while using adaptive cruise control. These maladaptive
behaviors may pose significant challenges to those responsibtkesaning, conducting, and
evaluating safety systems and operator trai{lvi@nser, Creaser, & Boyle, 2013)

In order tounderstand the nature and magnitude of risks associatedniviéh behaviors

and to develop effective countermeasuiess necessary to employ neses that adjust for
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exposureg(Szklo & Nieto, 2014) Manser et al(2013) discussedhe temporal factorthat may

affect driverbehavior after the introduction of a change in the road system (such as the imteractio
with new invehicle equipment or behavioral shift after an euéertreepoints of driver exposure

to the inplemented changgre mentioned: 1) the immediate phase, which occurs immediately after

a driver experiences the change; 2) the stewrh phase, occurring hours, days or weeks after the
introduction of the change; and 3) the lelegm phase, which transps after months or years.

These stages may be considered when examining behavioral adaption relative to safety system use
as the quality of the performance is a result of the introduction of a sgsterall as considering

how driver behaviors change afunction of their use of the system

Driver Training for Driving Automation Systems

In level 2 driving automation systems, the automatedesns perfornthe lateral and
longitudinal controlsubtask of the DDT thatare e dundant t o thishalblocationi ver 6
callsinto question if features with shared hursystem performancare capable of fittingnto a
clearly prescribed level within existent taxonomi8gppelt, Reimer, Angell, & Seaman, 2017)

Level 2 driving automation provides theegtest opportunity for humanachine overlap and user

mi sunder standi ng. The boundaries of the drive
perception of the operating mode(s) of the driving automation system and the subtasks of the DDT
that theuser is required to perform versus those of the driving automation system (see SAE J3114
section 6.2, note (2016b) . This is the time where the wuser
least ambiguity, and unfortunately, that has not been the case.

Training materials for driving automation systegenerallytake amachine oriented and
operational focus and negl e mtusing autoroabechsystems c at e

effectively. For example, operatoros manual s
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conditions, and other system performancseblacriteria. However, if automation is to be used
appropriately, potential biases and influences should be recognized by professionals (developers,
training personnel, managers) and communicated to (Rarasuraman & Riley, 199 anual
designerdiave not yet apitalizedon the opportunity to enlighten the prospectiperatorabout

how prolonged use of these systems may affect them (fatigue, complacency, bias, etc.).

In her classic examinatipironies of AutomatiorBainbridge (1983jecognized the issues
ahead for the human operators i n Pahapsthefthale asi n
irony is that it is the most successful automated systems, with rare need for manual intervention,
which may need the greatestinvesinte i n human operator trainingeé
the operator to react to unfamiliar events so

Several methods that were used by consumers to learn how to use thelicle
technologies were identifiedybAbraham, Reimer, &ppelt, Fitzgerald, & CoughlireQ17) the
most prevalent among them were td@de r r or ( 53 %) . consulting the
(55%), and learning from the dealership (42%). However, many shortcomings have been identified
with these common training methods including the accuracy efirformation (Abraham,

McAnulty, Mehler, & Reimer, 2017)canpleteness of material coveréideonard, 2001) and

oneds ability to | (Kdgee&ummd, X999 Kyakidig idapdee & dea n c e
Winter, 2015; Llaneras, 2006fhedr i ver 6 s performance requiren
completion have been clearly specified by the SAE Levels of Automatias. dssential to
understand if there are gaps betwtenspecified stadard and the observed behavlarthe event

of a misalignment in demand and capability, strategies for closing and eliminating the gap (training

or system ralesign) should be put forth.
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Summary and key research gaps

This literature review has demonstrated that the introduction of more advanced driving
automation systemfsindamentally changease driving task for the human operator. Changes in
task demands may lead to drivers engaging in behaviors that exceed thiermglarapabilities of
the automated systelfKinnear & Helman, 2013)and inadequate completion of the OEDR
subtask Initial poor choice of behavior on the part of the driver may be exacerbated by the fact
that current users of advanced véhgystems have demonstrated an incomplete understanding of
system capabilities and limitatioffMcDonald, Carney, & McGehee, 2018b; McDonald et al.,
2015, 2016, 201 #esulting in continued misuse disuse of these features.

New \ehicles have more active safety features and crash prevention measures,
consequently we may observe a reduction in the number of crashes observed despite increased risk
taking behaviors. As drivers continue to become erfamiliar with their assistance systems
averse behavioral adaptation may occur due to a laakol$equencespésitive punishels
However, when systems fail if drivers are not prepared to take control of the vehicle and do not
have the adequate knowllge to know to do so, the likelihood of crash involvement increases.
Driver training may help mitigate some of the maladaptive behaviors associated with increased
perceived familiarity with vehicle automatiodowever to adequately develop training we must
understand the current state of driver training for vehicle technologies, the conditions under which

drivers choose to use their vehicle systems, and driver interaction with these systems over time.

Research Questions & Dissertation Overview

The primaryg o a | of this dissertation is to inve
partially automated driver assistance systems and identify trastiragegieswhich could

effectively stave off the negative effectsl®havioral adaptatiorin particular this dissertation
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seeks to address the following questions through a series of three studies:

Chapter 2. Driver Training for Automated Vehicle Technology Knowledge, Behaviors, and
Attitudes
1. Does participant knowledge of driving automation vary by trgitype, age group, or

exposurdo driving automation systeras

2. Is there a difference in eye glance behavior between training protocols and driver age
group by automation state exposure to driving automation systéms

3. Does participant hand placement rigdatto the vehicle controls vary by training type,
age, automation system statusemposure to driving automation systéms

4. Does participant attitude toward vehicle automation vary by training type, age group, or
exposure to driving automation systéms

5. Does patrticipant perception of training vary by training type or participant age group?

Chapter 3. A Naturalistic Evaluation of Driver Behavior Using Driving Automation

Systems

1. What percentage of driving exposure is assisted by ACC+LKISing automation
system¥? How does this vary by driver, vehicle, and temporal characteristics?

2. Under what conditions are drivers most likely to activate ACC+LKAS?

3. What is the frequency and duration of off road glances when ACC+LKAS are active
compared to when they argaictive?

4. s driver monitoring of the instrument panel different during assisted driving compared
to unassisted driving?

5. Are drivers more likely to engage in higisk secondary tasks whégvel 2 systems are

active compared to when they are available?

Chapter 4. Behavioral Adaptation with Driving Automation at Early Exposure
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. How d o e s mednr andmmimunstime-gap change as a function of automated
system uséexposure)

. Do drivers adjust their adaptive cruise control distance setting with incregsesliex

to driving automation?

. What is the frequency and duration of off road glances when level 2 systems are active
compared to when they are not? How do the frequency and duration of off road glances
change with exposure to the driving automation syst

. What is the frequency and duration of instrument panel glances when level 2 systems
are active compared to when they are riag®s the frequency and duration of driver
glances to the instrument panel change with increased level 2 system exposure compared
to unassisted driving?

. Is there a difference in the prevalence and likelihood of secondary task engagement
while the drivingautomation systems are active compared to when they are inactive?

How exposure to the driving automation influence driver secondary task engagement?
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Chapter 2. Driver Training for Automated Vehicle Technology
Knowledge, Behaviors, andAttitudes

This chapter presentan examination of theelationship between mode of training
presentation and driver knowledge, behavior, and attitudes toward driving automation systems.
The present study examines whether a different training method results in obséiffetdeces
in driver knowledge, behavior, and perception toward driving automation sy3teimstudywas
conductedn a closed test track with 40 participants whearehparticipant completed one of two
types of training protocol. Following completiofithe training, participants were escorted to the

closed test track where a variety of driving scenarios were completed.

Research Objectives
The main objectives dhis researclre as follows:
1. To determine if there is a differenae knowledge and/orri/ing performancebetween
drivers who are permitted time to sslt udy an operator 6s ma n u
experiencea multimedia training protocol.
2. To developrecommendations regarding the future need of training for automated vehicle

systems.

In order b demonstrate the differences in training type, it is important to conduct
knowledge and skills assessments of participants in a etesetrack environmenthis study
aims to lay groundwork for recommendations on trairfimgdriver assistance systenrs the

future,by assessing driveskills andknowledgein a controlled risk environment

Research Questions

The following research questions from the topic areas of user knowledge, driving behavior,

attitudes, and perception of training will assisgunding this study:

26



Knowledge
RQ 1. Does participant knowledge of driving automation vary by training type, age group,

or exposure to driving automation systems?

Driving Behavior
RQ 2. Is there a difference in eye glance behavior between training protocols anédever
group by automation state or exposure to driving automation systems?
RQ 3. Does participant hand placement relative to the vehicle controls vary by training type,

age, automation system status, or exposure to driving automation systems?

Attitude toward Vehicle Automation
RQ 4. Does participant attitude toward vehicle automation vary by training type, age group,

or exposure to driving automation systems?

Perception of Training

RQ 5. Does participant perception of training vary by training type or participant agp?yro

Hypotheses

It is hypothesized that participants who complete the multimedia training will have a better
understanding of the driving automation system than drivers who complete the conventional
training protocol. It is also anticipated that youngévets will perform better on knowledge tests
and that participant performance on these tests will improve after driving the test vehicle and using
the driving automation system.

It is anticipated that drivers who complete the multimedia training will Bhggerglances
away from the forward roadway while using the driving automation system. Younger drivers are

expected to have higher eyes off road time than mature drivers while automation is active
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compared to when it is inactive. It is also expected dnaer glances away from the forward
roadway will increase with increased exposure to the driving automation systems and that drivers
will be more likely to have their hands away from the steering controls whilst the driving
automation system is in usenspared to when it is inactive.

It is hypothesized that participants will have a slightly favorable view toward both forms
of training in terms of relevance of content, time to complete, etc. but participants will find driving
the vehicle or the combinatiaf training and experience with the vehicle most helpful in preparing
them for using the driving automation. It is anticipated that very few participants, if any will find

the trainng in isolation beneficial to theunderstanding of the automated véhisystem

Methods

To answer the research questions posed, a comparative evaluation of training protocols and
driver performance parametarsisconducted on the Virginia Smart Roadvariety of analyses
(descriptive and inferential statistice)ere employed to assess the aforementioned research
guestions, which are restated below. For all analyses, statistical significaseev a |l uat ed at

0.05.

Participants

Forty participantdrom southwestern Virginigolunteered for this research effort, tine
target age ranges for volunteers were 18 to 25 years old and 55 to 75 yg@msbtd@). All
participants were prscreened for general health and driving expegedaring initial phone
interviews.Participants who owned a primary vehicle that had advanced systems such as adaptive
cruise control, lane keeping assist, or automatic emergency braking were not eligible to be
participate in the studyneaning that partipants in this study could be considered generally

inexperienced with driving automation systems
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On the day of the scheduled experimental trials, participants were given a brief overview

of the purpose of the study and affirmed their consent usingapipeoved Virginia Tech

Institutional Review Board (IRB) human subjects consent f@kppendixB. Chapter 2 Driver

Training for Autonated Vehicle Technology Informed Congemt Snellen eye test (corrected

visual acuity of 20/40 or better) and basic hearing test were adminjsaéirpdrticipants passed

the predrive test. The study session consisted of one-hewgr visit; participants were

compensated $60.00 for théme.

Table 2. Participant demographics and training group assignment

Conventional Multimedia
s . Total
Training Training

Younger Participants 10 10 20
(1871 25) (M=21.4, S[>1.58) (M=21.1, S[>x1.37) | (M=21.25, S>1.45)
Older Participants 10 10 20
(5571 75) (M=59.7, S[>5.64) (M=66.2, S>x7.63) | (M=62.95, SB&7.33)
Total 20 20 40

(M=40.55, S[>20.06) | (M=43.65, S[>23.74) | (M=42.1, S[>-21.75)

ApparatusParticipants were randomly assigned to one of two training groups prior to their arrival

for the experimental sessiofraining modules were completed in the parked research vehicle,

without the experimenter present. The research vehicle for this study 26 Tesla Model S

with Autopilot Software v8.1.

A data acquisition system (DAS) was used to record all relevant kinematic driver

performance data. The DA&aslocatedout of participant view in an unobtrusive location. DAS

hardwarewas wired to interace with the vehicle through Controller Area Network (CAN)

protocols accessed by the Onboard Diagnostic Il (OBD Il) aadicolleced and recordd data

streams asynchronously, allowing each sensor to operate at its optimal collection rate. The DAS

recorced at millisecond precision at the rate native to each sensor or CAN variable.

Five camera views were collected while participants were in the research vElgales (

3). The camera views included a view of the forward roadway;tbiees hou |l der , t

he
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face, the foot well/pedal, and the instrument panel. Data collected from the camera views were

used in subsequent eye glance analyses and participant drdhiagior analyses.

Figure 3. Camera views used while participants were in the research vehicle included: a)
forward roadway, b) over-the-shoulder, c) participant face, d) foot well/pedal, e)
instrument panel

Procedure
The experimental sessiamas divided into five distinctsections pretraining, training,
posttraining, test track drive, and peditive (Figure4). The sequence of eveswasthe same for

all participants and all evenigerecompleted in the same experimental session.
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Figure 4. Sequence of study experiences

Pre-Training, Post-Training, and PostDrive Questionnaires. Knowledge andhttitude
guestionnaires were administered at three points in the siyun response knowledge questions
about adaptive cruise control and lane keeping assistance systems were asked -inaimengre
posttraining, and postirive phase of the study. Driversweeep mi tt ed to freely r
the system doesodo and fAhow the system wor kso.
participants completed a trust in automation questionnaire.

Participants completed the multiple selection knowledge questionradterdinishing
their assigned training protocol and after driving the vehicle {pasting and postrive).
Participant response to questions was marked as correct or ingancepartial credit was given.
Questions covered three knowledge areas: operational desigainjcesystem limitations, and

system components.

Training. After completingthe intake procedure and questionnaires, participants were
escorted to the research vehicle where they completed their randomly assigned protocols after a
brief orientation to the vehicl@articipants in both theontrol and experimentglroups received
information regarding automated system components and system purpose, function, and

' i mitations. The training program covered sp:
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manual Appendix A. Driver Training for Automated Macle Technology
Training Topic3

Participants were left to complete the training in the vehicle alone while the researcher
Acompl et @.d., otgangikgsstudy paperwork, reviewing protsecetc.)outside of the
vehicle for the ofroad portion of the studiy.he researcher informed the participant that they may
seek assistance if they experience technical difficulties (for example, the screen goes blank or they
exit the training and canno¢-enter), butany questions regarding theshicletechnologies were
held until all stages of the study were compl&taen the training was complete the participants

signaled that they were finished with the training by wawatthe researcher or honkirige horn.

Conventional Training Protocol (Control Group)The control group received training on
how to use driver assistance systengs,{Traffic Aware Cruise Control and Autosteer) by reading
the specified sect i oThe gondlwastchprovide participant® with an ma n u
experience similar tbow much of the motoring public learns to use@hicle technologieshen
purchasing a new vehicle from a manufactufee conventional training home screeasvisible
on the on an electronicdoh screen display mounted over the stock center dgiaplay Figure
5). The mean training duration for participants completing this training protocol was

approximately 16 and a half minutes (M=16:25, SD = 4:57).
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Figure5. The owner 6s mavasdisplayed oo a touchsceenldesaly mounte
over the stock center stack of the vehicle

Multimedia Trainhg Protocol (Experimental Group)Y.he experimental group received
training via an interactive multimedia modwehich was divided into three distinct components
(Overview, TrafficAware Cruse Control, Autosteer). As part of the training, the video instructed
participants to manipulate controls and interact with the system in order to promote an active
learning component of the traininghe experimental trainingterfaceconsistedf two reens,
one over the stock center stack display and one placed over the steering wheel to imitate the
instrument panel display&igure6). The mean training duration for participants completing this

training protocol was approximately 19 minutes (M=19:13, SD = 1:17).

Figure6. Tesl a interior from driverds per
overlaid the stock center stack display to host the training modules (A). A custom
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instrument cluster display replicated the icons and system states with the training
modules using he timing from the training (B).

Test TrackDrive. After completion of the training protoggarticipants were escorted to
the Virginia Smart Roawhere the test track drive portion of the study took place. Participants
completed six laps on the Smart Road and were instructed to stop the vehicle at a specified point
for questions and additional instructions. A VTTI researcher was in the frontuses the test
track portion of this studyA confederaterehicle, driven by a VTTI researcheccompanied the
research vehicle on to the Smart Rd@alticipants were instructed that the maximum speed limit
for the study was 35 mpthey should maintaitheir current langmaintaina two-second following

distance when there is a vehicle in front of thand obey all traffic laws.

Research EnvironmentThe Virginia Smart Road is a closadcess, twdane roadway
built to FederalHighway specificationsind located at the Virginia Tech Transportation Institute
(VTTI). This study used a section of the Smart Road that was approkinosiee mile long.
Secondary tasks were completashtinuouslyon two 0.3 milesection®f the Smart Road bisected
by a 0.3 mle transition areéFigure7). While in the transition area secondary tasks were not to be

continued and the confederate lead vehicle drove at a constant speedahtfrersiubject vehicle.

\

Figure 7. A one mile segment of the Smart Road Highway was divided into three parts.
Twox0.3 mile task regions and onex0.3 mile transition area. While in the task regions
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drivers completedsecondarytasks while driving in the transition area drivers were not
permitted to perform secondary tasks and the confederate lead vehicle drove at a constant
speed in front of the subject vehicle.

Secondary Task Descriptionafter completing the initiatwo baseline laps, participants
were asked to engage in secondary té¢$kble 3). The duration of the secondary task activity
spanned the length of the secondary task re(approximately 30 secondsyecondary task
involvement was aggregated into two levels;

1 Task: Participants were actively performing secondary tasks during this trial.

1 No Task: Participants were not performing secondary tasks during this trial.

Table 3. Smart Road Experimental Design

Lap Automation Task
1 Off None
2 On None
3 On Task
4 Off Task
5 On Task
6 Off Task
IndependentFactors

The independent factors used in this study are describiabie4.
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Table 4. Study 1 independent variables andiescriptions

Independent Variables

Definition & Levels

Depending on subject age on day of experimental visit participants w

Age Group recruited fromone of two categories.

(BetweenSubjects) 1 Younger: 18 25 years old
1 Mature: 55 75 years old
Participants were randomly assigned to one of two trainingpgrprior to
their arrival for the experimental sessiédndetailed description of the

Training training protocols are provided on p&ife

(BetweenSubjects) 1 Conventional: Control groupeceiving training by reading the
operatords manual
1 Multimedia: Experimental group, completed multimedia training
Automation state is a binary indicator of whether the human operator
the driving automation system hasaetvc ont r ol of t h
and longitudinal motion.

. During half of the laps of the test track session, participants were ask
Automation

(Within-Subjects)

activate the automated systems.

T ON: Driving automation syster
and longitudial motion.
T OFF: Human operator has acti v

longitudinal motion.

Secondary Task
(Within-Subjects)

After completing the initial baseline laps, participants were asked to
engage in secondary tasks.

1 No Task: Participants weret completing secondary tasks

1 Task: Participants were continuously performing visual or visual
manual tasks.

Exposure Period
(Within-Subjects)

Measure of participant exposure to the automated system, each expd
period consisted of one lap with autoroaton and one lap with
automation off.

1 Early: Laps1 &2

1 Middle: Laps 3 & 4

i Late: Laps5 &6

Admin Time
(Within-Subjects)

Questionnaires were administered to participants at specific points du
the study.

1 PreTraining: Response given prior teceiving training

1 PostTraining: Response immediately after receiving training

1 PostDrive: Response after receiving training and driving the rebea
vehicle

36



DependentMeasures

The dependent measunesed in this studfor the analyses shown irable7 are discussed
below. The primary objective areas include: driver knowledgdriwing automation systems
driver behavior while usinglriving autonation, driver attitude toward the systemand the

driver6s perception of the training program t

Driving Automation Knowledge Participants completemimultiple selection knowledge
guestionnaire at two points during the study. Th& fime was immediately after completitigpir
assigned training protocol (pestining), the second time wasdter driving the vehiclen the
closal test trackpostdrive). Participant responst® questions was marked as correct or incorrect,
there wasno partial credit given. Questions covered three knowledge areas: operational design

domain, system limitations, and system components.

Driving Behavior.  Participant behavior during instances of assisted and unassisted
driving wasassessed. Driver eye glance behavior and hand placement are considered under this

objective.

Eye Glance BehavialTr ai ned data reductionists manual
each frame of the specified secondary task events andef@emined bseline and transition
scenariosThese epochs were approximately 30 seconds in dur&@ibmoad glance locations
consisted of glances to any area other than the forward roaéaay measures of eye glance
behavior were used in this study: single longdstoad glance, mean off road glance duration,
number of off road glances, and percent total eyes off road Tinese measures are described in

Table5.
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Table 5. Test Track Study Eye Glance Measures

Glance Measure Acronym

Description

Total Eyes off Road Time TEORT

Total Eyes off Road Time (TEORT) is the

summation of all glance durations to all AOIs
other than the road scene ahead during a san|
interval in second6SAE International, 2017)

Single Longest ofRoad

The single longest off road glance (SLG) is thg

Duration

SLG duration of the single longest glance away froi
Glance . : )
the forward roadway during the sample interva
The mean glance off road is the average dura]
Mean Off Road Glance MGOR | of all off road glances during the 3@&cond

sample interval.

Number of off Road Glances| NORG

This measure it the average number of glance
away from the forward roadway during the- 30
second sample interval.

Hand placementduring transitions Participanthand placement during transition events

was measred during four epochs when the automated systems we active and inactive and at early

and late periods in the studihreepoints in time were randomly sampled from thesginning,

middle,and ending thirds of each transition epobfained data reductionists manually codeel

|l ocation of the participantos

coded are shown ihable6.
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Table 6. Hand placement coding and exemplar placements

Hand Placement Coding Example from Video

On the wheel

Hover/Fingertip

Hover defined as within an inch or two from the
wheeland poised to take control at any moment

Off Wheel

Attitude toward Driving Automation. The trust scale used in this study was a six item
trust scalgroposedy Vasquez et a(2015) Responses to statements useepaiiit Likerttype

scale with options ranging from Al106 (strongly

Perception of Training (Perceived Value). Pat i c i peceptian of the value of
training with respect to how prepared they felt to operate the vehicle using the driver assistance

systems was assessed using a battery of quedBarigipants indicated their level of agreement
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with statements abouhe clarity of training objectives, degree of participation, relevance of
training topics, organization of training topics, and the utility of the training using a seven point
Likert scale. Upon completion tietest track drive participants were alsked to indicate tMch

they feltwasmostuseful totheirunderstandingfdhe automated vehicle system. Participants were
able to choose from one of four options; the training, driving the vehicle, both were equally helpful,

both were equally unhelpful.

Analyses

Statistical significancevase v al u at e d, whéere appropriat€ffecd $izes were
determined and repted using partial etaquared ¢?). Where relevant, post hoc analyses were
performed using Tukey©6s hommais éffectssiargl siindleieffeatsnt d i
testing for interaction effects.

To investigate driver knowledge of driving automation systemgssiic regression was
used to estimate odds ratios of correct response by each mainfaffecfe (younger, mature),
training protocol (conventional, multimedia), and administration period-{paising, postdrive).

Participant driving performance was investigated using a variety of measures and methods.
General lineamodels were used to investigate operator behavior under secondary task conditions
andduringtransitionsEpochs in which participants were marked as attempting the secondary task
when prompted were included in this analysis. The effects of age (youmafere) and training
(conventional, multimedia) were examined as between subjects factors and automation (on, off),
and secondary task (task, no jaskre examineds within subjects factorSimilarly, participant
eye glance measures were assessed dilmengansition period to determine if driving behavior
changes with over time.The effects of ageybunger, mature) and trainingcpnventional,

multimedia) were examined as between subjects factors and autonuetjaff); and exposure
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time (early, late) were examined asithin subjects factors.

A binary logistic regression was used to determihe likelihood of participant hand
location during transitiongon the wheel or off the wheelhge (younger, mature) and training
(conventional, multimedia) werexamined as between subjects factors and automation (on, off),
and exposure time (early, late) were examined as within subjects factors.

Geneal linear models were used to assess participant attitudes toward driving automation
for the effects of ageybunger, mature) and trainingcponventional,multimedia) as between
subjects factors and Admin Timeré-training, posttraining, postdrive) as a within subjects

factors.Finally, participant perception of the training was analyzed using summary statistics.
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Table 7. Overview of research questions and associated independent/dependent variables

Objective Samplé Research Question Dependent Vars. | Independent Vars. Analysis
Doesparticipant knowledge oglvel 2 driving Age Group -
. e Correct/Incorrect - Logistic
Knowledge Q automation vary between training type, age group, o : Training .
. response (binary) . Regression
time? Admin Time
What is the difference in participant eye glance beha SLG Age_ Group
. - . MGOR Training
Behavior SR between training protocols and driver age group by . GLM
) Percent EORT Automation
automation state and secondary task engagement?
N Glances Secondary Task
What is the difference in participant eye glance beha SLG Age Group
. between training protocols and driver age group by | MGOR Training
Behavior SR automation state and exposure time to the driving Percent EORT | Automation GLM
automation system? N Glances Exp Time
i . . Age Group
_ Does participant hqnq placement relative tovtéim_ cle Hands On/Off the| Training Logistic
Behavior SR controls vary by training type, age, automation syste : .
: Wheel Automation Regression
status, or time? .
Exp Time
Age Group
Attitude 0 Does participant attitude toward vehicle automation | 11 7 Training GLM
toward VA vary by trainingtype, age group, or time? (Likert Scale) Automation
Exp Time
Perception of 0 Does participant perception of training vary by trainin 11 7 Age Group Descriptive
Training type or participant age group? (Likert Scale) Training Statistics

1 Q: Questionnaire; SR: Smart Road
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Results

Driving Automation Knowledge Operational Design Domain. Drivers in the mature age group
were 2.89 times as likely to correctly identify when it would be appropriate to use ACC compared
to drivers in the younger age group (OR: 2.89, [CI:1Q&)). Drivers in the mature age group
were 3.35 times as likely toorrectly identify when it wouldbe appropriate to use lakeepng

assist(LKA) compared to drivers in the younger ageup (OR: 3.35, [CI:1.2, 9%

SystemL imitations. For ACC, only four participants pestining and two participants
postdrive wae able to identify all situations where ACC may not work as expected. Similarly, for
lane keeping, participants were unable to identify all situations where the system may not work as
expected. Only one driver in both the ptsining and postirive quetionnaires responded
correctly.

When | ooking at t hedresponseds tathedimitatiords sheirccorrech g gr e
responses for correlated limitations were quite higbr. example, @rticipants were easily able to
recall the heavy rain and snolmitation and the sensor obstruction limitation. Participants
recalled the heavy rain and snow limitation with 100% accuracy on thdrpimshg and post
drive assessments for ACC, and with 95% accuracy with [Bakticipants also did very well with
theifsensors are obstructedo | i mirainiagandpostriveor b o't
tests.Remarkablythe sensors obstructed limitation did not edtierthe dusk and dawn limitation
for either systems in which the optical sensor will struggldetect forward vehicles given the
angle of the sun. Addanally participants struggletb recallthe extremely hot/cdltemperature
limitations for both technologiesith the group performing no better than 40% for those limitation
on either postraining or posdrive test.

Interestingly, forACC, participants struggled to recall the windy road limitation during
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both tests and performed worse on the assessment atiredi postrive (70%) than on the one

given posttraining (78%)For LKA, participants were able to recall the absence or lack of quality
lane markings being a limitation of these systems. However this did not transtete/trsk zone

where no more tha78% of participants weble to identify work zones as a limitation of LKA

This ispossibly due to the diverse nature of the work zone environment which does not necessarily

always include obscured or missing lane markings

on 1
SCO

Table8.Par ti ci
Trainingbo,

pant responses to the | imi-tati
APDOrimdoc®Teds inBPahte change-in
Training and Post-Drive.
Green rows are limitations that were identified in the traning program.

ACC
Limitation Response PT PD PD-PT
Extremely hot or cold temperatures 37.5% | 30.0% | -7.5%
Clear sunny days 15.0% | 12.5% | -2.5%
Dusk and dawn 37.5% | 42.5% | 5.0%
Heavy rain or snow 100.0% | 100.0%| 0.0%
Poor tire traction 72.5% | 72.5% | 0.0%
Sensors are obstructed 100.0% | 97.5% | -2.5%
Windy roads 77.5% | 70.0% | -7.5%
Straight roads 0.0% 0.0% 0.0%
Roads with poor lane markings 35.0% | 27.5% | -7.5%
Roads with no lane markings 32.5% | 27.5% | -5.0%
Roads with clearly visible lane markin¢ 0.0% 2.5% 2.5%
Work Zones 75.0% | 70.0% | -5.0%
Toll plazas 75.0% | 65.0% | -10.0%
LKA
Limitation Response PT PD PD-PT
Extremely hot or cold temperatures 27.5% | 27.5% | 0.0%
Clear sunny days 25% | 15.0% | 12.5%
Dusk and dawn 40.0% | 37.5% | -2.5%
Heavy rain or snow 95.0% | 95.0% | 0.0%
Poor tire traction 45.0% | 65.0% | 20.0%
Sensors are obstructed 97.5% | 100.0%| 2.5%
Windy roads 65.0% | 67.5% | 2.5%
Straight roads 15.0% | 0.0% | -15.0%
Roads with poor lane markings 87.5% | 90.0% | 2.5%
Roads with no lane markings 87.5% | 92.5% | 5.0%
Roads withclearly visible lane marking| 5.0% | 2.5% -2.5%
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Work Zones 77.5% | 75.0% | -2.5%
Toll plazas 72.5% | 70.0% | -2.5%

System componentsFor ACC, no main effects were significant. Approximately 80% of

subjects were able to correctly identify the forwhydking camera and radar as essential
components of the ACC system after training (76% overall). When asked about the LKA system,
there wa a significant difference in the training effect. Participants who received multimedia
training correctly reported all sensors required for system function as specified by the training

nearly three times as often as those who received converttainalg [OR=2.97, CI: 1.088.23].

Eye GlanceBehavior
Linear mixed modsl were used to investigate operator behavior under secondary task
conditions and transitionEpochs in which participants were marked as attempting the secondary

task when prompted were included in this analysis.

During Secondary Task Engagement. Participant eye glance behavior was assessed
using the followingndependent factorage (YoungerMature), training protocol (Conventional,

Multimedia), automation (On, Off), and secondary task (Task, No Task).

Single Longest Glance off Road. Automation was found to have a significant effect on
the single longest off road glandaration [F (1,116 2 0. 02, $-8.158].0When thed
Autosteer systems were actively controlling the vehicle, the single longest glance away from the
forward roadway was great@vi= 2.21, SD= 1.78)han wherthedriving automation systems were
inactive(M= 1.69, SD=1.04) The interaction between age and secondary task had a significant
main effect on the single longestglace r at i on [ F ( 1, #=0.07§ =v8undger , p=20
drivers had significantly longer single longest glances when performing seconéarfMa2.90,
SD=2.03) compared to when they were not performing secondary tasks (M=1.78, SD=0.73).

Mature drivers looked away from the road significantly longer when they were performing
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secondary tasks (M=2.60, SD.44) compared to when they were not penfog secondary tasks

(M=1.54, SD=0.89).

Mean off Road Glance Duration. The main effect of automation status was found to
significantly affect the mean off road glarsheration[F (1,110¥2 4 . 79, p’<0.1840Thel ,
mean off road glance duration wa%.04 seconds while the automated systems were active
(M=1.04, SB>0.67) and was 0.82 seconfd=0.82, SD>-0.46)while the systems were inactive.

There was @hreeway interaction between age, automation, and secondarjotasican
off roadglance duratioffF (1,110¥5.12, =0 . 0 2 =6.045] (@figure8). Mature drivers showed
no difference in mean glance duration when completgugpndary tas regardless of whether the
vehicle automation was active é1.25, S>0.72) or inactive (M1.21, SB3-0.47). However,
younger p@eanoff madmlantda dardtion was approximatelpaf a second longer
during secondary taskghen systems weigctive(M=1.53, SB-0.87)compared tavhen systems

wereinactive(M=1.09, Sx0.42)
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Figure 8. There was a significantinteraction between age, automation, and secondary task
for mean off road glance duration (standard deviationshown with error bars).
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Number ofoff Road Gances. The main effect of automation had a significant effect o
number of glances away from the forward roadv@y(1,110¥6.05, ;=0 . 0 1 §9.052]q
Participants took 1.5 more glances away from the mwhedn the vehicle automation was off
(M=12.05, S[>6.65) compared to when it was on$10.9, SBx5.16). There was a significant
interactionbetweenautomation and secondary tg#k(1,110¥12.21, 0 . 0 0 8=0.099] fpr

the number of glances away from theward roadwayFigure9).
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Figure 9. There was a significant interaction betweemutomation and secondary tasKor
the number of glances away from the forward roadway(standard deviation shown with
error bars).

No differences in number of off road glances were observed when participants were not
performing secondary tasks regardless of automation status (No task8Mi8, SFr=5.47;
Mon=9.01, SIn=4.89). However, when performing secondary tasks, participants took
significantly more glances away from the ro&dhen the automated systems were active and
participants were performing secondary tastke number of df road glances was lower
(M=13.52, S[>4.32) than when they were completing secondary tasks and the systems were

inactive (M=16.83, S[>4.96).
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Drivers took short, frequent glances away from the forward roadway when not using the
driving automation feature$vhen driving automation was active, glances away from the forward

roadway increased in duration.

PercentTotal Eyes off Road TimeThe percent of timdriversspent looking away from
the forward roadway was significantly impacted by secondary taskgemgat F (1,110
=666.87, p<.0001d,°=0.858]. Participants who were completing secondary tasks spent an average
of 53% (M=52.7%, SD=20.8%) of the task epoch looking away from the forward roadway. When
participants were not completing secondary tasks, their percentage of TEORT was only 18%
(M=18.0%, SD=12.9%).

While the status of the vehicle automation and secondary task engagement were found to
contributesignificantlyto the percentage of TEORF (1,110 =6.8, p=0.0104¢,?>=0.058], post
hoc testing revealed that there was no significant difference between the conditions of secondary
task engagement while the automated systems were fethil.2% SD=21.8%) compared to
when they were inactivéM=54.2%, SD=19.8%). Participantage group and secondary task
engagement contributed to percentag€EORT([F (1,110 =12.38, p=0.00064,>=0.101]. There
was no difference in the percentage TEORT between younger and mature participants when no

secondary tasks were being performed

During Transitions. Eye glance analysis during transitions took place during the downhill
segments of the first and last two laps on the Smart Road. During transitions, no secondary tasks
were performed and the confederate lead vehicle drove at a constaninsipeetlof the subject
vehicle, all transition epochs were approximately 30 seconds lom3Qq43, Sx1.02). The

independent factors used to asses eye glance behavior during transitions were age (Younger,
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Mature), training protocol (Conventiondultimedia), automation (On, Off), and exposure period

(Early, Late).

Single Longest Glance off RoadAutomation state had a significantineffect on single
longest glance duratioffF (1,106)=8.7, p=0.0039¢,>=0.073. Participants had higher glance
durations when automation was on (M=1.42,=8068) compared to automation off (M116,
SD=0.72). Aitomation status and exposure timéeeractivelyinfluenceal single longest glance
duration, F (1,106)=4.19, p=0.0432|,>= 0.036].Posthoc tests showed thatl single longest
glance durations were significantly different from the early automation off period (M=0.96,
SD=0.52). Howevemo significant differences were observed between any other combinations of

conditions.

Mean off Road Glance DurationThere were age related effects on mean glance duration
for transition event$F (1, 36) 9 . 9 1, p $260.2090N\8asire driggers had mean off road
glances that were longer (M=0.76, 8D31) than those of younger drivers (M= 0.59-825).

Automationstate also had a significant effect on mean glance duration during transitions
[F(1,11)=1 4. 22, ppy==0.114]. V0 the aitomated systems were actively controlling
the vehicle mean glance duration was longer (M=0.74, SD=0.29) than when automated systems
were inactive (M=0.6, SD=0.28).

Additionally, automation and exposure period had a significeatactioneffect on mean
glance duratiof F ( 1, 11 1) =1 3=0103, Themeah ofrdad glance duration when
vehicle automation was off and the exposure period was early was significantly different from all

other factor levelsKigure10).
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Figure 10. The mean off road glance duration when vehicle automation was off and the
exposure period was early was significantly different from all other factor levels.

Number of off Road Glances.The number of off road glances were significantly
impacted bytrai ni ng [ F (1, 3/£D.503] 2l the ipteréction df frainihg and
automation [ F (1 4900@&])HoWeveptBe posphedanadysisrfor trathing x
automation revealed that there was no difference in the number of glances aw#hyefforward
roadway between groups when the automated systems were active. Participants who received the
conventional protocol took an average of 8.75 glances away from the forward roadwdy5(BD

while participants who partook in the multimedia pomiccook 7.56 glance (S€4.12).

Percentof Total Eyes off Road TimeExposure time had a significant effect on the percent
of time drivers spent looking away from the forward roadway during transition epochs [F
(1,111)=4.13, p=0.(84, d,> =0.034. Participants looked away from the forwamhdwaylonger
during the later epochs (M= 20.7%, SD=14.3%) than they did for the earlier epochs (M=17.6%,
SD=12.9%).

There was a significant effect with the interaction between training and automation status
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[F (1,111)=6.53, p=0.012},>=0.0%]. When the automated systems were inactive, participants
who received conventional training (M25%, SD-4.6%) looked away from the forward
roadwayfor a greater percentage of the time than participants who receivedhedit training
(M=14%, SD=126%). While findings ae inconclusive by training type, they dudicate that

drivers may be more likely to take their eyes away from the forward roadway while automated

systems are acithe vehicle regardless of secondargktangagement.

Table9. Percentage of dr i v edusngtraasitibns by auochatignl a n c e
status and training type
Automation Training N | Mean SD SE Min Max
OFE Conventional 40 | 22.5% | 14.6% | 2.3% | 2.8% | 59.7%
Multimedia 40 | 14.0% | 12.6% | 2.0% | 0.0% | 47.5%
ON Conventional 40 | 20.3% | 11.5% | 1.8% | 2.5% | 53.7%
Multimedia 40 | 19.7% | 14.7% | 2.3% | 0.0% | 54.0%

Hand PlacementTable 10 shows thdrequency of driver hand placement relative to the steering

wheel while driving through the transition ar@articipantsvere most frequently observed with

both hands othe wheael.

Table 10. Participant hand placement relative to the steering wheel while driving through

the transition area.

AUTOMATION
BINARY

HAND

HAND OFF ON
PLACEMENT PLACEMENT
1 HAND 63 38
2 HANDS HANDS ON 167 150
HOVER 10 35
NO HANDS HANDS OFF 0 17

A binary logistic regression was used to determihe likelihood of participant hand

location during transition@n the wheel or off the wheelJhe results showed that the automation

status

to have their hands off the steering whasting transition period#/hile automation was active

compared to when theutomation was inactive (OR:11.22, CI: 5.89, 2)..36

cont r i b ueirggan ot off thelwheel Brivedwere hlz2®indes as likely
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Attitude t oward driving automation
Thisquestionnaire was used by Vazq(®@@15)to assess user trust of an automated driving
systemResponses wembtained using-point Likerttype scaleand irternalconsisency among

statements val i daphacpgpendisH Trugt S€alke RRAD ac hd s

| would rely on the vehicle automation to function properly while I am doing
something else. Participant agegroup had a significant effect oparticipantresponseo this
statemenfF (1, 36)= 8.08, p=0.0073¢,’>=0.183]. Younger participants tended to have a higher
numeric response to the relianceaartomation to function properly while doing something else
(M=4.1, SD-1.8), participants in the mature demographic were less inclined to rely on the vehicle
automation to function properly while performing other tasks3M5, SB-1.4).

Participant expoge to the vehicle automation alead a significant effect on participant
response, [F (2, 7210.58, p <0.0001|,> =0.227]. Theravas a significant difference between the
responses given in the pafive questionnaires (M=4.4, $iD.6) and tlhse given atall other

points prior (PreTraining; M=3.3, SD-1.6; PostTraining; M=3.2, SB=1.5)

| would rely on vehicle automation to provide alerts when needed\o significant
effects were fond in this analysis. This iBkely because participants did not experience any

abnormabklerts.

Vehicle automation gives false alertsParticipant exposure to the vehicle automation was
found to have a significant effect on participant resp¢Rz,72)=5.58, p=@056,dp? =0.134]
Theinteraction of exposure period amdihing wasalsosignificant [F(2,72)= 3.82, p=0.0266>
=0.099 (Table 11 and Figure 11). While there was no difference between the groups prior to
training (Mc=3.7, Sx=1.2; Mux=3.5, SOwm=0.8), after training,participants who received

multimedia trainingagreed to a greater extetitat vehicle automation provides false alerts
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(Mmm=4.5, SDum=0.9) compared to participants who received conventional trai(ihg=3.8,
SDc=1.2). After experiencing the vehicle automatiorarficipants who received multimedia
training seem to regress baokvard their initial opinion about vehicle automation providing false
alerts Participants who received conventional training remained relatively unmoved in their

opinion on the frequency of false alerts

Table 11. Participant| evel of agreement with the stateme
false alertso

Training Admin Time | Mean SD
PreTraining 3.7 1.2

Conventional | PostTraining| 3.8 1.2
PostDrive 3.4 1.3

PreTraining 3.5 0.8

Multimedia | PostTraining| 4.5 0.9
PostDrive 4.1 0.6

T ) 1 1
Training

i—|:|— Conventional —{— Multimedia|

(=]

(5]

Vehicle automation gives false alerts
B

A

/

L8]

1 Pre-Training Post-Training Post Drive
Figure 11. Participants who received the multimedh training agreed to a greater extenin
the posttraining session to believe that vehicle automation gave false alerédter
experiencing the systenioth training groups experienced a reduction in their level of

agreement from their posttraining levels.
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Vehicle automation is dependable Participand exposure to the automated systems was
found to significantly influence participant agreement with theast e ment fAvehi cl e a
depend@hn2e4dl, p=0.0204,4,>=0.103. Post hoc tests indicated that participant
responses were significantly different between the-pasting (M=4.48, SD=0.86and post

drive (M=4.95, SD=1.08) tests.

| am familiar with vehicle automation.Par t i ci pant 6s exposure to
had a significant effean participant8perceived familiarity with vehiclautomation [F (2, 72¥F
31.76, pp? =<0.4@]0RArticpantdagreed to a greater extenti t h t he st at eme
familiar with vehicl e au{M=m®5 Sh=-rMdl)carhparedrto dr i v i
both the pre(M = 3.43, SD= 1.58)and postraining (M= 3.48, SD= 1.36) conditions.

The interaction between participant age anetaiso had a significant effect on perceived
familiarity with vehicle automatiofF (2,72)=1 1. 8 0, p?=9.240])Figutel2). Mature
participantshad higher agreememti t h t he st atement Al am f ami |l
before receiving trainingM = 4.2, SD=1.15)compared to younger participants éM2.65,SD =
1.6). After receiving training, there was no difference in the responses between the two age groups.
Neither group was particularly confident or unconfident @&B.65, SOy = 1.14; My = 3.3, SQu
=1.56). After drivi ng drésgonseiadneasederewas poalifference i pant
between the age groups for the paste response, and scores were significantly higher than post

training responsg My = 5.05, SOy = 1.23 Mm = 4.85, SOy = 0.75).
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Figure 12. Changes in @rticipantsdperceivedfamiliarity with vehicle automation with
experience.

| trust vehicle automation. Par t i ci pant 6s gener al agreemen
vehicle automati ono =9B% pg0e0d02ds w0200} Theremeas fioF ( 2, 7 :
difference in the préraining and postraining responses (M=4.1, SDret=1.34; Mpost=4.15,
SDpost=1.33), however, after driving the vehicle, the mean response increased to 4.75

(Mpostorive=4.75, SDostprive=1.15)

Perception of Training

No significant differences were fouhetween the age groups or training groups regarding
the perception of the training protocols they experienced. Results from the regression models can
be found inAppendix E. Attitudes toward Training RegressioGeneral trends in participant

perception of trainingre shown imable12.
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Table 12. Perception of training response by age group and training type

Age Group | Training Mean SD Min | Max
Mature Conventional | 6.4 0.70 5 7
Obijectives clearly defined Multimedia 6.1 0.74 > !
) y Younger Conventional | 6.0 0.67 5 7
9 'Multimedia | 6.2 | 079 | 5 | 7
Conventional | 6.4 0.52 6 7
o ) . Mature - ,
Participation and interaction were Multimedia 6.3 0.68 5 7
encouraged Conventional| 5.8 1.03 4 7
Younger - ,
Multimedia 6.2 1.03 5 7
Conventional| 6.1 0.88 4 7
Mature - .
Topics covered were relevant hee Multimedia > 1 1.06 4 !
P Younger Conventional| 5.3 1.06 3 7
9 'Mutimedia | 58 | 079 | 5 | 7
Conventional | 5.7 1.16 3 7
_ Mature , :
Content was well organized and eas Multimedia 5.9 0.74 5 7
to follow Younaer Conventional| 6.1 0.99 4 7
9 'Mutimedia | 60 | 105 | 4 | 7
Conventional | 6.0 1.16 4 7
. o Mature - ,
The time allotted for training was Multimedia 5.7 1.16 3 7
sufficient Younaer Conventional | 6.2 1.03 4 7
9 I'Multimedia | 58 | 148 | 3 | 7
Conventional| 6.3 0.68 5 7
o . | Mature - .
The training experience was useful i Multimedia 6.1 0.60 5 7
operating the vehicle automation. Conventional | 6.2 0.79 5 7
Younger - .
Multimedia 6.1 1.37 3 7
Conventional| 5.7 1.25 3 7
Do you feel the training adequately | Mature Multimedia 57 0.82 4 7
repar for operating th : : :
prepa ed you for operating the Conventional | 5.7 0.68 5 7
vehicle? Younger
Multimedia 5.0 1.25 3 6

Despite the favorable responses to the training sessions, no participants found the training

alone to be helpfyTable13).
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Table 13. Participant r espons éNhichrdeypufeehwaymoteo t he ¢
useful to your understanding of the automated vehicle systera?

Training Experience with | Both Equally Both Equally
Module Driving Helpful Unhelpful
Age Group Mature 0 8 11 1
Younger 0 14 6 0
Age Group Total 0 22 17 1
Training Experience with | Both Equally Both Equally
Module Driving Helpful Unhelpful
Training Con\_/entic_)nal 0 12 7 1
Multimedia 0 10 10 0
Training Total 0 22 17 1
Discussion

In this study we examined whether mode of training protocol delivery influenced driver
knowledge of vehicle automation, behavior during system use, and attitudes tinvang
automation The results of this study demonstrate that the mode of training protocol delivery elicits
limited differences in knowledge scores and no difference in driver behaviors or attitudes.
Behaviors and attitudes were influenced by time and experigitbethe driving automation
system while knowledge of the vehicle systems remained unchanged.

These findings highliglrgome ot he def i ci encies of the cont e
cont ent provided in owner 6s maaboutinay systeem n ot S
limitations. To increase safety, drivers need to be better educated about the capabilities and
limitations of driving automation brief experience with these systems after training does not
sufficiently alter misconceptions aboutthasbbod ar i es of the systemsd op
Drivers may become more aware of system limitations with prolonged exposure; however,
previous studies have shown that safgitical misunderstandings of system limitations persist
over time(Kyriakidis et al., 2019; Larsson, 2012; Llaneras, 2006)

Operator behavior during system activation indicates an increased willingness to disengage

from the task of monitoring the roadway during periodsutbmatediriving. Our findings are
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consistent with previous research indicating that drivers are more prone to becoming disengaged
during automated driving conditions, whibhs been found in other studies to potenti@ad to
reduced performance when driver takeoverisreqiir@da n ks, Eri ksson, O 06dor
2017; Merat, Jamson, Lai, & Carsten, 2012; Stanton, Young, & McCaulder,.1@8ile
increased mean off road glance durations for younger drivers while automated systems are active
is concerning, these mean glance durations are still under the 2 secoidatidaal Highway
Traffic Safety Administration, 2012) t i s cr i ti cal for driversodo ti
the capabilities of the technology to avoid misuse of autométiem & See, 2004)This requires
the development and assessment of trainingppods that aim to educate drivers about operator
based errors in addition to machicentered failures will lead to a training program that is holistic
and encompasses the strengths and occasional deficiencies of both human and machine.

There are severlinitations to this studyOn a test track, participants may drive differently
as compared to driving on a live roadwand taving a researcher in the vele may influence
the driving behavior of participantas with all human subjects research, theygke consisted of
volunteer drivers which introduces seHlection biaslt is possible that there were some order
effects associated with the Smart Road design as the trials wemint#rbalancedruture studies
could improve upon this study designdhanging the order in which participants experienced the
driving automatiorand studying driver response and trust in association to system malfunctions
over time.

In conclusion, the results of this stuthgicate thathe general information provided in
current training materials for driving automation systems may not be sufficient to educate
operators about their role in completing the driving tRakticipants reported increased familiarity

with vehicle automt@on after driving the vehicle, howeviitrere were no significamtifferencesn
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their knowledge or driving performane other points in the stud@ur results suggest that
understanding when and how drivers use the driving automation systems in their personal vehicles

will provide insights intavhat behaviors should be targeted by future training efforts.
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Chapter 3. A Naturalistic Evaluation of Driver Behavior Using Driving
Automation Systems

The findings from the previous study indicated thbhe type of trainingyielded no
differences in knowledge, behavior, and attitudéswever, diver experience with the driving
automation systenmcreasedtheir perceived familiarity which malead to complacencgnd
inattention.This suggests thatigers may be mormotivatedto performhigh-risk secondary tasks
while using driving automation systems if they feel that the driving automation systems are capable
of peforming theprimarytaskof driving sufficiently. This inaccurate belief couichpedeupon
thed r i vakilitydossuccessfully complete the OEDR dabk.

Therefore, ® understand if there is a difference in behavior wdrarersare using driving
automation systems compared to when the systems are available a high level analysis of their
behaviorwasperformed.This assessment was expected to shed light on when, where, and how
drivers use their driving automation systems. The primary objective of this research was to identify
if driver monitoring of the environment deviated from a-getermined safety standawhen
driving automation features welbeingused and if the use of vehicle automation was a significant

contributor to this behavior.

Research Objectives

Theprimary researcbbjective ofthis studyis to understanthow drivers interact with the
automated system in thawn vehicleon real roadwagnvironmers.
Research Questions

Objective 117 Quantify driver exposure tdriving automation systenad determine the

conditions under which drivers are more likely to choose to activatimg automation systems
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RQ 1. What percentagef driving exposure is assisted Ibgvel 2 driving automation
system® What influence do driver and vehicle characteristioge orsystemuse?

RQ 2. Under what conditions areiders more likely to activatkevel 2 driving automation
systems?

Objective 21 Assess differences in driver glance behavior while udimgng automation

systems

RQ 3. Is driver eye glance behavior away frommetforward roadway different during
assisted driving compared to unassisted driving?

RQ 4. Is driver monitoring of the instrument panel different during assisted driving
compared to unassisted driving?

Objective 31 Assess differences in secondary task engagémhile usinglriving automation

systems

RQ 5. Is there a difference in the likelihood of secondary task engagement|exedr?
driving automation systems are active compared to when they are inactive?
RQ 6. Is there a difference in the likelihood of [higisk] secondary task engagement when

driving automation systems are active compared to when they are inactive?

Methods

Virginia Connected Corridors Naturalistic Driving Study

The data from the Virginia Connected Corridors (VCC 50) Naturalistic Driving Study
(NDS) databas&asmined for this analysisThe VCC 50 NDS recruited 50 participants from
Northern Virginia for this research effort. Participants were compensated $3,850 for full
participation through thewvelve-monthenroliment period.

After affirming ther consent using an informed consent document approved by the
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Virginia Tech IRB, participants were asked to complete a set of driver assessment questionnaires.
The assessments included cognitive, physiological, and psychosocial tegtsrdetministered

via electronic computer program. Some tests were completed onsite during installation and while

ot hers were completed using an online questio

personal computer.

Recruitment Criteria . Participants were ceuited through the VTTI database of potential
participants as well as through flyers, brochures, newspaper advertisements, and direct recruiting
methods via purchase records. Participants in this study were required to be at least 18 years old
withavald dri ver 6s | icense and at | east two years
co-owned, or leased the vehicle and been the primary driver of the vehicle (75% of the time,
minimum). The vehicle to be instrumented must Heaat least the minimuramount of liability
insurance coveragequired by the state or the tlist in which it is registered and éeequipped
with adaptive cruise control. Additionally, participants were required to live or work in the
Northern Virginia or DC area and have a reasonable expectation of drivirgPénH66, Rt. 123,
and Rt. 50 at leasivo to thregimes per week. Irhe screening interview, participants were asked
how many miles on average thegredriving on the required roadways. Preference was given to

those who drove more trips and more miles.

Apparatus. Participant vehicles were instrumented wiitheda acquision system (DAS)
which collected data using raumber of sensors and video camerdie DAS collected data
continuously from the time the vehicle was powered on until the time that the vehicle was powered
off. The DASfeatured multiple sensors includi@PS radar lane trackeraccelerometers, as well
as sixvideo cameraqFigure 13) mounted unobtrusively to facilitate observationnaturalistic

driving behavior. Te camera views uséd the analysesicluded a view of the forward roadway,
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t he dri ver 0s face, the vehicle foot Fmmd | |

numbersvereused to synchronize video and vehicle data.

Figure 13. The DAS Head Unit (lefjwasmount ed behi nd t he vehicl
The six camera views captured during the VCC 50 study are shown (right).

Machine Vision Algorithm for System Statuklentification. The status for Aaptive
Cruise Control and Lane Keeping Assist were identified at three levels using-pr@oesising
machine vision algorithm and the camera view of the instrument panel, shéiguie13. Due
to errors in time mapping between the two datquisitionsystems used in this study, it was not
possible to identify system status for all trips. Additional details about algorithm limitations can
be found inAppendixI. A Naturalistic Evaluation oDriver Behavior Usindriving Automation
Systems Algorithm Limitations Please note thathile 320f the50 participants who volunteered
for the VCC 50 study had vehicles which were equipped with both adaptive cruise control and lane
keeping assistance systerasly 25 of those vehiclelBad icons of quality for the machine vision
algorithm applicatiomnd werencluded in this analysis (ség@pendixl. A Naturalistic Evaluation
of Driver Behavior UsingDriving Automation Systems Algorithm Limitationsfor additional

details)

Data Sampling
Data about system status was available for approxim@te808 trips across the&5

participant vehicles. Kinematic data as wslstem status were available for th# length of the
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trip file. Data were sampled strategically to best amsheresearch question presented. Sampling

strategies are described below.

Sample 1i Trip Summary Sample. To understand the percentage of overall travel time
and trip and driver specific factors associated with systemaubeoad sampling strategyas
employed for research question 1. All trips for subject vehicles were inciadeid sample. An
instance ofével 2 system activation musave beera minimum of five seconds in duration and

meet the speed based criteria for activation of 40 milebqet

Sample 27 System Activationi Case Control Research question two focuses on
determiningunder whichconditions driversveremore likely to activate themlriving automation
systems. Thereforéne total number of system activatiomsreidentified to determine the number
of cases present in the dataset; these veseproportionally sampled and stratified by driver to
provide a caseontrol dataset for comparison. The criteria for the selection of cases and controls
are described belaw

Identification of cases.Several criteria needed to be met for instances of system activation
(cases}o be included in the sample.

1) Both driving automation systems (ACC and LKA) needed to be active for at least
five seconds
2) The speed of the subjecthiele must have been at least 40 mipeshour
3) The positional dilution of precision (PDOP) must have been 8 or less, which
indicates that these measurements could be used for calculations, such as speed
(Person, 2008)
This technique resulted in ovéd 000 samples to choose from. Given the sensitivity to

certain statistical methods to large samplessige215 of these samplegre used. Following the
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general rule of 10 cases per every independent variable in the model this is an appropriate selection
(Peduzzi, Concato, Feinstein, & Halford, 199B)ese samples were proportionally stradifley

driver by number of system activatioasd selected randomly.

Identification of controls Controls were identified by finding points in the data stream
where systems were inactive for a minimunfieé seconds and met the aforementioned PDOP
and speed criteria. This resulted in over 128,000 controls that could be sampled. Ultimately, over

4,000 samples were proportionally stratified by driver and sampled randomly.

Table 14. Systan Activation i Case ControlSample Description

Cases Controls
(Active) (Inactive but available)
Number of Samples 44,489 128,701
Number of Vehicles 21 21
Number of Trips 6,043 6,239
Samples Used 4,197 4,168

Sample 3i Eye Glance and Secondary TaslSamples This sample of the dataas
used to determine if driver eye glance behavior and secondary task engagement is different when
driver assistance systemereactive compared to when theyere available but not active. For
each participant, ei ght epochslevaell2ACE+LKA)y | ver s
systemswere identified. Each of these epochs were 10 seconds in duration and coded using a
battery of variabledy trained data reduonists (for additional information see Researcher
Dictionary for Safety Critical Event Video Reduction Data Version 4.2, Virginia Tech
Transportation Instituté2009). For each selected case of system activation, instances of where
the systems wer@active butavailable were also identified and matched to the active. cas
Matching wadased on time of dag @.mi 8:59 a.m., 9 a.m3:59 p.m., 4 p.ni6:59 p.m., 7 p.ni.
10:59 p.m., 11 p.Mm5:59 a.n), day of week (weekday vs. weekend), and vehicle speed (+ 5 mph,

with a minimum vehicle speed of 20 mph). Matckedtrolsample received the same coding as
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the case samples. The observations from this protocol are listablgil5. Appendix J. Defining

on Road Glance Locatiom®ntains descriptions of on road and off road glance locations.

Table 15. Summary Eye Glance and Secondary Task Samples

Sample Group N Samples N Drivers A"g"?‘ge per
river
Both Active 151 19 7.95
Both Available 148 19 7.79

IndependentFactors

Independent factors in this analysis include driver specific factors, vehicle specific factors,

trip level information, temporal information, and exposure based informdtadie 16 provides

a description of all independent factors twateutilized in this study.

Table 16. Overview of Independent Factors

Group | Variable Name Type Levels Description
At the time of study, enrollment participants
Length of indicated the length of vehicle ownership.
Driver Vehicle Categorical 2 Participantswgreclassified into one of two groups
Ownership based on their response.
(LVO) 1 Less than one year
1 One year or longer
1 Proactive Systems: Attempt to keep you cente
Vehicle Lateral Control Categorical 2 in the lane
(LatCtrl) 1 Reactive Systems: React when possible lane
departure is detected.
1 1:.t< 15 minutes
. Trip Duration . T 2: 15 O t < 30 m?nut<
Trip Cat Categorical 5 T 3: 30 O t < 45 minut ¢
T 4: 45 O t < 60 minut ¢
9 5: t O 60 minutes an
1 L2 Active: System is actively maintaining later
and longitudinal control of the vehicle
. L2 System , ) T .
Trip Status Categorical 2 1 L2 Inactive: Driver is responsible for

maintaining the lateral and longitudinal contro
of the vehicle
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The average speed across a-seeond interval of
observation wereategorized into the appropriate

bin.
Trip Speed Bin Categorical T 1: 40 mdSmphO v <
T 2: 45 mph O v < 55 mj
T 3: 55 mph O v < 60 mj
T 4: 60 mph O v
Start hour of the trip recorded in local tinvas
categorized as:
1 11 PM-2:59 AM: Late Night/Early Morning
Temporal| Time of Day Categorical E 3 ﬁm ?052;‘ XAI\I/I!DI(/T(')VrIr?irr?QI]nIgeZiak
1 11 AM- 2:59 PM: MidDay
1 3 PM-6:59 PM: PM Peak
1 7 PM-10:59 PM: Evening/Night
The day of the week that the trip occurred as
: recorded by the DAS:
Temporal| Day of Week Categorical f Weekday: Monday Friday
1 Weekend: Saturday Sunday
Lane Category : T 1=0Onelane
Roadway Categorical 1 2 =Two or three lanes
(LC)
{1 3= Four or more lanes
Roadway Controlled Categorical 1 Y =the link is controlled access
Access 1 N =the link is not controlled access

Driver Characteristics.

independent factors in this study.

The following driver characteristicsvere considered as

Length of Vehicle Ownership To understand participant familiarity with advanced

vehicle systems prior to study enrollment, participants vesieed how long they owned the

vehicle that they were having instrumented in the study. Of the 33 operators of vehicles with L2
capabilities, 20 participants reported having their vehicles for less than one year, while 13 reported

having their vehicle for wre than one year.

understand how system design and vehicle capabilities influence driver behavior and system use.

Vehicle Characteristics

Vehicle specific characteristicevere analyzed to better
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Lateral Control Capabilities Level 2 Partial Drivng Automation specifies thédteral
and longiudinal controlcan be controlled by the vehicldowever, driver perception of system
capabilities can cause thaverto allocate components of the DDT to the driving automation that
it is not designed to prm for a sustained basis. Therefore determineif behavior varies
depending on the fidelity of lane keeping assistance technology on the vehicle two categyeries
defined;reactive and proactiv@f the25vehicles included in this analys&yehicles had reactive

lateral control systems whilE2 vehicles had proactive systems.

Trip Characteristics. A trip file for theVCC50 datasdb e gan when t he vehic
was turned on (allowing approximately 30 seconds for systemugtatHankey, Perez, &
McClafferty, 2016) and ended when the ignition was turned off. Exceptions to this occurred for
longer trips (which were spliced inpproximately twehour segments) and cases of low battery

voltage from the participant vehicle.

Trip Duration Categorical. Trip duration was the ime duration between maximum
timestamp and minimum timestamphe duration of the tripvas converted into aategorical
factor (listed below) fouse inresearch question 2.

1: less than 15 minutes

2: 15- < 30 minutes

3: 30- < 45 minutes

4: 45- < 60 minutes

5: 60 minutes and beyond

= =4 =4 -4 -9

System StatusSystem Status refers to the status of the driving aatimm system at the
analysis epoch. This binary categorical factor was either System Active which indicates the driving
automation systerwas actively maintaining lateral and longitudinal control of the vehicle
System Inactive [but available]. This meahat diver was responsible for maintaining the lateral

and longiudinal control of the vehicle.
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Speed Bin. The binning method inTable 17 was based on the Roadway design
classification flow chart for suburban and urban roadwésiszpatrick, Carlson, Brewer,
Wooldridge, & Miaou, 2003)The anicipated operating speed/adjusted posted speed limitdserve
as a surrogate for roadway design class and service These speed breakdowns toioko

account that the maximum posted speed limit in Northern Virgias60 miles per hour.

Table 17. Speed BingFitzpatrick et al., 2003)

Speed Bin Speed Ranges
1 40 mpd45@ph
2 45 mp455@ph
3 55 mp+460@ph
4 60 mph O

Context. Driver assistance systems such as ACC and LK@&&designed to be used in
certain situations based on their operational design domain (Q®2&B International, 2018)
However, users may choose to disregard the intended use of a Bystevariety of resons such
as prior experience, system designgdmisunderstanding&Godfrey et al., 1983; Riley, 20148y
evaluating the conditions under whidariving automationwas used (and disused), driver
understanding of ODD boundaries can be inferred. Levels of the independent variables are

describd below:

Time of Day. The local start and end times for the tnpsrerecorded. This alloed for
time of day conditions to be calculated. Time of day groupiveyedetermined based on the trip
start hour, further categorized by traffiolume projectios for urban cars denoted by fhederal
Highway Administration(Federal Highway Administration, 2014s shown inTable 18 and

Figurel4.
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Figure 14. Visualization of 24hour day segmented
into bins.

Table 18. Trip Distribution by Time of Day
ACC+LKA
Frequency | Percent

Time Of Day

1 11 p.mi2:59 a.m.: Late Night/Early Mornin| 1,438 6.59%
2 3ami6:59 a.m.: PréVlorning Peak 1,228 5.63%
3 7 a.mi10:59 a.m.: Morning Peak 4,601 21.10%
4 11 a.mi2:59 p.m.: MidDay 5,948 27.27%
5 3 p.mi6:59 p.m.: p.m. Peak 6,167 28.28%
6 7 p.mi10:59 p.m.: Evening/Night 2,426 11.12%

Total: 21,808 100%
Day of Week. The day of week that the trip was taken wasorded by the DAS. This

allowedfor weekday and weekend trips todmnsidered as a categoritae ct or wher e @A We
consistebf trips beginning Monday through Friday

on Saturday or Sunday.

Roadway CharacteristicilRoadway features were identified using the Navteq Relational
Database. Specific roadway features of interest included number of lanesaiegery) and

access type for roasskegmert.

Lane CategoryThe number of lanes for the specifo@d segmernn the direction of travel

wereidentified in the Navteq datababy lane category (LC) a categorical factor.
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Table 19. Lane CategoryDescription

Lane Category Number of Lanes
1 One lane
2 Two or three lanes
3 Four or more lanes

Controlled Access.This factor identified roadways with limited entrances and exits that
allow uninterrupted flow of higispeed traffic. This factawasb i nary wherde AYesbdbnd
theroad segmenwascontrolled acces$i N0 i n d i c arbad segmefivhsaot cotrdilesl

access. o0

Dependent Measures
The dependent measures to answer the research questions are described below. The
measures major categories of the dependent factors are system use, eye glance behavier, and high

risk secondary task engagement.

Expoaure. Driving exposuravasmeasured as a tinteased measure aswasmeasured

directly from the DAS.

Overall Driving Exposure. Participant driving exposur&asthe total amount of time
spent operating the vehicle (either assisted or unassisted) while enrolled in the studgsTies

sum of all trips made by a driver while enrolled in the study.

Driver Assistance SystemXposure. The purposeof the system use measure was to
understand how much time drivers spesdg advanced vehicle systems when thekein their
own vehicles (under uncontrolled conditions). These analyses also shed light on under what
conditions drivers choose to activateese systems and how closely they adymwith the
conditions specified by the vehicle manufacturer and SAE guidelines. The dependent measures for

system use are described below:

71



Percentage of timeL2 SystemsActive when Available The cumulative measer of
simultaneous exposure to both Adaptive Cruise Control and Lane Keep Assistance Systems served
as a continuous dependent factor in characterizing the use of level 2 systems during study
enrollment. This consisted of cases where both lateral and Idmgitucontrol had been
relinquished by the driver. The availability of the L2 systems was determined by the speed based
criteria for system activation across all vehicle types; most commonly, 40 mph was required for
lateral control to be relinquished. Givéhe variable nature of the vehicles in the study, only L2

exposure was considered and not any one system in isolation.

Level 2 System Status System status served as a dichotomous dependent measure to aid
in understanding under what conditions driveese most likely to activate the level 2 Systems.
There was a corresponding number of driver stratified random sampled baselines for each case

condition(detailed on pagé4).

Eye Glance Behavior Monitoring the environment and determining the field of safe
travel remaiedthe responsibility of the human operator when usawgl 2 driving automation.
This is a fundamental componenthe driving task and excessly long off road glances increase

the odds of crash involvemefi2ingus & Klauer, 2008)

Off Road Glance Measure®n road glance locations congsidbf glances to the following
locations in most analyses: Forward Windshield, Instrument Cluster, Left Mirror, Rearview
Mirror, and Right Mirror. A detailed description of the on and off road glance locations used in
this study can be found iAppendix J. Definingon Road Glance Location$/easures are

described iMable20.
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Table 20. Naturalistic Driving Study Eye Glance Measures
Glance Measure Acronym Description
Thesummation of all glance durations to all
AOIs other than the road scene ahead during
sample interval in secondSAE International,
2017)

The average duration of all glances away fron
MGOR | the road scene during the-&88cond sample

Total Eyes off Road Time TEORT

Mean Off Road Glance

Duration .
interval.
Single Longest off Road The duration of the single longest glance awa
SLG : :
Glance from the road scene during the sample interva

Thenumber of glances away from the road sc

Number of off Roadslances NORG during the 18second sample interval.

Instrument Panel Glance Measure®ne of t regponsihiliies was @ snonitor
the driving automation system. Key visual stimuli that werecoatained in the forward roadway
pertaining to automated system performance are found on the instrument panel. Therefore, glances
to the instrument panel were assessed separately from the off road measures. Glance measures to

the instrument panel are debedin Table21.

Table 21. Eye Glance Measures to Instrument Panel

Glance Measure Description
Total glance duration to the | Thesum ofthe duration o#ll glances to the instrument panel
instrument panel during the sample interval.
Single longest glance to The instrument panelasthe duration of the single longest
instrument panel glance to the instrument panel during the sample interval.
Mean glance duration to The instrument pan&asthe average duration of all glances
instrument panel the instrument panel during the-$§8cond sample interval.
Number of glances to the The number of glances to the instrument paneing the 10
instrument panel second sample interval.

Secondary Task Engagement Epochs of secondary task engagement are identified
within the data sampled using the method describgohge65. Overall and higkrisk secondary

task engagememtereconsidered and are described below.
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Overall Secondary Task Engagemerfverall secondary task engagement @xigmined

Secondary Task dince if at least one secondary task is being performed it will be captured there.

High Risk Secondary Task EngagemenGuo et al.(2017)identified the odds of crash
involvement for secondaitask engagemerior four differentdriver age groupsTeen, Young
Adult, Middle, and Senior. Drivers in this datasatreconsistent with those in the Youngllt,
Middle, and Senior age groups, the observable distractions with significant odds ratios across these
three age groupsasconsidered high risk for this analysis.

1 Cell-phone use (visuainanual tasks)was found to increase crash risk for driversvds
comprised of the following observed behaviors:
0 Cell texting:Cell-phone texting
o Handheld dialing: CeHphone diéing handheld, including using quick keys
o Cell reachingCell-phone locating/reaching/answering
1 Looking outside of the vehicle Looking atan object external to the vehicle/animal/
pedestrian/previous crash or incident
1 Reaching for in-vehicle object (not cell phone) Reaching for cigar or cigarette/food
related or drinkelated item/personal bodglated item/other objectinteraction with

moving object

Analyses

A variety of analyses (descriptive and inferential statistios)e employed to assess the
aforementioned research questions, which are restated bElmwall analyses, statistical
significancewasevaluated at)= 0.05

To assess which factors influenced the proportion of time that drivers used their driving

automation systems, a mixed effects general linear model with a-dpeeific random driver
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effect was usedhe numerator was the cumulative system active timeenthersystem was active

for 5 seconds or longer for a given trip. This was divided by the total trip duration. The conditions
under which drivers were most likely &otivate their automated assistance systems was assessed
using a mixed effects logisticgeession with a drivespecific random effect to estimate the odds
ratios of system activation associatedgarticular driver, trip, and environmental factors.

In order to determine if driver eye glance behavior to both the driving environment and to
the instrument pan&as significantly different while usingriving automation systems compared
to when driving automation systems were not active but available, a mixed effects general linear
model with a drivesspecific random driver effect was used.

A mixed effects logistic regression model was also used to obtain odds ratios for the
likelihood of secondarytask engagement with ACC+LKA active compared to when it was
available but inactive for each level of secondary task. In the cases where the caeverigeria
were not met a conventional logistic regression model was used.

Table 22 re-iterates the research questions of interest for this studynémduces the
dependent measures which wased to answer these questions as well as the proposed statistical

analyses.
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Table 22. ResearchOverview for Study 2

Obiective | Dataset Research Dependent Independent Statistical
) Question Measure(s) Factor(s) Methods
Q1A. What percentagq Time ACC+LKA
ExDOSUre 1 of driving exposure Active / Summary
P was assisted by Time ACC+LKA Statistics
ACC+LKA? Available
. Time of day .
Q1B. What was the Tlme ACC+LKA Day of Week GI.‘M with
SR Active / driver
Exposure 1 distribution of . Lateral Control
Time ACC+LKA : random
ACC+LKA exposure? ) Length of Vehicle
Available . factor
Ownership
Trip Duration
Categorical .
Q2. Underwhat | yooy) a Speed Bin Mixed
conditions were driver . . Effects
Exposure 2 . : Statug(Active vs. | Time of Day "
most likely to activate . Logistic
Available) Day of Week :
ACC+LKA systems? Regressior]
Controlled Access
Lane Category
Q3. What was the
frequency and duratiof TEORT GLM with
Eye of off road glances MGOR ACC+LKA Status driver
Glance 3 when ACC+LKA were| SLG (Active/Available)
: . random
Behavior active compared to Number of off ¢
actor
when they were road glances
inactive but available?
Q4. What is the
frequency and duratiol
TEORT .
Eye of glances to the MGOR ACC+LKA Status | C-M with
instrumentpanel when : ) driver
Glance 3 SLG (Active/Available)
: ACC+LKA systems random
Behavior . Number of off
were active compared factor
road glances
to when they were
inactive but available?
Q4. Were drivers more
likely to engage in
high-risk secondary . : Mixed
Secondary| tasks when ACC+LKA| High-Risk Task ACC+LKA Status | Effects
3 . Engagement : ) e
Task systems were active (Active/Available) | Logistic
(Yes/No) .
compared to when the Regressior

were inactive but
available?
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Results Assisted Driving Exposure

When assessing how often drivers use their L2 systems, we found that drivers used these
systems for roughly 8.6% ¢8D = 16.6%)Day of week was found to significantly influence the
percentage of trip duration that L2 systems were active [F(1, 21781) = 4.26, p = O[389}
used their LXystems longer on weekdays (M=9.1%, SD=16.9%) than on weekends (M=7.4%,

SD=15.7%)

Conditions of Activation

For drivers using both ACC+LKA the logistic regression indicated that drivers were less
likely to activate these two systems together when the trip was under 15 minutes and more likely
to activate the two systems when the trip was ovanButes in duration. Additionally, drivers
were more likely to activate these two systems together at speeds greater than 45 mph and 10 times
more likely at speeds greater than 60 mph (OR: 10.6, [CI: 8.9, 12.7]). Drivers were significantly
less likely toactivate ACC+LKA at speeds less than 30 mph (OR: 0.6, [CI: 0.56, 0.84]). Finally,
drivers were more likely to activate ACC+LKA together on controlled access roadways than on
uncontrolled access roadways and on roadways with greater than two lanes piader3).
Time of day did not appear to make a difference for these drivers using ACC+LKA, but drivers
using both ACC and LKA did activate these systemme frequently on weekends than on

weekdays (OR: 1.21, [CI: 1.04, 1.40]).
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Table 23. Odds Ratio Estimates for ACC+LKA Conditions of Activation

95% CL
Factor Reference OR DF LL UL Sig
1: less than 15 minutes 2: 15 30 minutes 0.68 | 8,328| 0.56 | 0.84 *
Dur Cat 3: 3045 m?nutes 2: 1530 minutes 1.31 | 8,328| 1.12 | 1.53 *
- 4: 45 60 minutes 2: 15 30 minutes 1.46 | 8,328 | 1.22 1.74 *
5: 60 minutes and beyond 2: 15 30 minutes 1.37 | 8,328 1.19 | 1.58 *
&Alofr']m'gz"r’g a.m.: Late Night/Early 11 a.mi2:59 p.m.: MidDay | 1.07 | 8,328| 0.76 | 1.52
3 a.mi 6:59 a.m.: Prdvlorning Peak 11 a.mi2:59 p.m.: MidDay | 0.78 | 8,328| 0.60 | 1.02
TOD 7 a.mi 10:59 a.m.: Morning Peak 11 a.mi2:59 p.m.: MidDay | 1.10 | 8,328| 0.92 | 1.31
3 p.mi6:59 p.m.: p.m. Peak 11 a.mi2:59 p.m.: MidDay | 1.01 | 8,328| 0.85 | 1.22
7 p.mi 10:59 p.m.: Evening/Night 11 a.mi2:59 p.m.: MidDay | 1.17 | 8,328| 0.94 | 1.47
DOW Weekend Weekday 1.21 | 8,328| 1.04 | 1.40 *
4: 45 mph O v O 33:40 mph O v | 239 | 8328 2.02 | 2.83 *
SpeedBin 5 55 mph O v < 60|3: 40 mph O 591 |8328| 484 | 7.20 | *
6: 60 mph O v 3: 40 mph O  10.63|8,328| 8.89 | 12.70| *
Lane Category 2:2'3 1: 1 lane 1.85 | 8,328 1.60 | 2.12 *
3.4+ 1:1 lane 1.89 | 8,328| 1.58 | 2.26 *
Controlled_Accesy Y N 1.24 | 8,328 1.08 | 1.42 *
LVO 1 year or longer Less than 1 year 0.88 | 8,328| 0.56 | 1.37
LatCtrl PROACTIVE REACTIVE 1.12 | 8,328| 0.73 | 1.72
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Frequency and Duration of Off Road Glances

ACC+LKA activation epochs from 19 drivers were used for this analysis. These events
consisted of 203 epochs where both ACC+LKA were active and 200 samples where both systems
were available but inactive. The results fromnfiged-effects general linear metiindicated that
ACC+LKA status doemfluencet o dr i ver 6s total eyes off road
Driverdos total eyes off r sywtdnseie acdve (Ma=4.549SDe at er
= 2.00) compared to when they were availdhleinactive (M = 0.97, SD = 1.24)here was no
significant difference in the average off road glance duration between when systems were active
and when they were available but inactive [F (1, 279) = 1.74, p = 0.1744].

System status was found to significantlffuencea dr i ver 6 s singl e |1 ong
[F (1, 279) = 4.94, p = 0.0271]. The single longest glance away from the forward roadway was
significantly longer when ACC+LKA systems were active (M = 0.79, SD04) compared to
when the systems were available but inactive (M = 0.57, SD = 0.59). Furthermore, ACC+LKA
status significantly influenced the number of glances drivers took away from the forward roadway
[F (1, 279) = 11.99, p = 0.0006]. When systems vaetve, drivers took more glances away from
the forward roadway (M = 1.83, SD = 1.93) compared to when the systems were available but not

active (M = 1.32, SD = 1.40).

Table 24. Off Road Glance MeasuresACC+LKA Summary Stats

Measure | System Status N | Mean| SD | SE | Min | Max | Sig
Active 151| 1.54 | 2.00| 0.16| 0.00| 8.88
TEORT Available 148| 0.97 | 1.24| 0.10| 0.00| 6.41 Y
Active 151| 0.54 | 0.60| 0.05| 0.00| 4.44
MGOR Available 148| 0.46 | 0.44|0.04| 0.00| 1.70 N
SLG Active 151| 0.79 | 1.04| 0.08| 0.00| 8.28 v
Available 148| 0.57 | 0.59| 0.05| 0.00| 3.27
Active 151| 1.83 | 1.93| 0.16| 0.00| 11.00
NORG Available 148| 1.32 | 1.40| 0.12| 0.00| 6.00 Y
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Frequencyand Duration of Glances to the Instrument PanelThe results of thenixed-effects
general linear modslof driverglances to the instrument pamee summarized iffable25. The
resultsindicatedthat the driving automation systestatus did not contribute significantly to

d r i Motal gkarice duration to the instrument panel [F(1, 279) = 3.31, p = 0.¢a9€jermore,

there was no significant influence for single longest glance duration to the instrument panel [F(1,
279) = 2.51, p = 0.1141] or mean glance duration to the institupaeel [F(1, 279) = 1.83, p =
0.1775].However the number of glances to the instrument panel was significantly influenced by
automation status [F(1, 279) = 5.01= 0.0259]. Divers loolked at the instrument panel more
frequently when automation was aeticompared to when it was availablevhich one would
expect.However, the average number of glaneese still quite small and id not appear to

indicate practical significance.

Table 25. Glances to the instrument panel

Measure System Status| N | Mean | SD | SE | Min | Max | Sig
Total glance duration t¢ Active 151| 0.27 | 0.66| 0.05| 0.00 | 4.40 \
the instrument panel | Available 148| 0.15 | 0.4 | 0.03| 0.00 | 2.74
Mean glance duration | Active 151| 0.16 | 0.34| 0.03| 0.00 | 1.67 \
to instrument panel | Available 148 | 0.12 | 0.27| 0.02| 0.00 | 1.20
Single longest glance t| Active 151 0.19 | 04 | 0.03| 0.00 | 1.87 N
instrument panel Available 148 | 0.12 | 0.29 | 0.02 | 0.00 | 1.27
Number of glances to | Active 151 | 0.39 | 0.79| 0.06 | 0.00 | 4.00 v
the instrument panel | Available 148 | 0.24 | 0.61| 0.05| 0.00 | 4.00

Secondary Task Engagementhe results from the logistic regressidrable 26) indicatel that

drivers were more likely to use their cellphone when using both ACC and LKA systems (OR: 2.59,
[CI: 1.02, 6.60]). Drivers were more likely to perform visu@nual cellphone ks when the
systems were active compared to when they were available but inactive (OR: 2.96, [CI: 1.01,
6.646]). Specifically, drivers were five times as likely to be observed browsing on their cellphones

while using their ACC+LKA systems (OR: 5.21, [@l10, 24.6]).
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whentheywere Inactive but Available

95% Confidence

Prevalence
Interval
Odds Ratio
ACC+LKA ACC+LKA (ref: Both
Task Active Available Available) DF LL UL Sig.
Number of observations 151 148 ]
Any Task 58.9% 52.0% 1.334 279 | 0.837 2.13
All Phone 11.3% 4.7% 2.594 279 1.02 6.599 *
Cellphone (visuatmanual) 9.3% 3.4% 2.958 279 1.01 8.65 *
Talking (cell phone) 2.0% 1.4% 1.514 279 0.24 9.547
Texting? 1.3% 0.0% > 999.9 297 | <0.001| >999.9
Dialing 0.0% oo |
Browsing 6.6% 1.4% 5.213 279 | 1.104 | 24.62 *
Reaching (cell phoné) 1.3% 0.0% >999.9 297 | <0.001] >999.9
Externaldistraction 4.0% 1.4% 3.021 279 | 0.596 15.32
Reaching for object (neoellphone) 3.3% 0.7% 5.05 279 | 0577 | 44.18
Operating invehicle device 25.2% 26.4% 0.942 279 | 0.559 1.59

4 ndicates conventional logistic regression was used.

Table 26. Prevalence and Odds Ratio Estimates foBecondaryTask Engagementvhile ACC+LKA were Active compared to
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Discussion

In this study we examineahen and how drivers utilized the driving automation systems
on their personal vehicle3he results from the assessment of the conditions in which drivers
activatedtheir driving automation systems indicated that dsvesedthese systems more
frequently in appropriate roadway environments, such as when traveling above 45 mph, on
controlled access roadways, and on roadways with multiple lanes of traffic. While the odds ratios
showed activations more often under thesedttions, these resultid not indicate that drivers
activated driving automation systems solely on controlled access roadways. For example, drivers
were only 24% more likely to activate ACC+LKA on controlled access roadways than on
uncontrolled accessoadways. The odds ratios were much higher for activation of driving
automation systems when traveling at higher speeds and on roads with multiple travel lanes.

Drivers tended to activatRCC+LKA systems more frequently in appropriate roadway
environmentssuch as when traveling above 45 mph, on controlled access roadways, and on
roadways with multiple lanes of trafficThe behavioral trends for conditions of use are
encouragingbecause they indicate thdtivers were generally activating and using driving
automation systems in the roadway environments for which the systems were designed.

Severakye glance metridsa relation to the driving scene and to the instrument panel were
evaluated with regardo the status of the driving automation system (actrge inactive)
Additionally, secondary task engagement when systems were active was compared to secondary
task engagement when systems were available but inactive.

Drivers generally looked away from the forward roadway significantly longer when the
systems were active versus when the systems were available but notttmiveser, there were

very limited differences in the frequency of glances to the instrument waeal automation was
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active (M=0.39, SD=0.79) compared to when it was available (M=0.24, SD=0.61). Driver
engagement in highisk secondary tasks such as cellphone browsegnoted to béigher for
drivers using both ACC+LKA versus when the systems \areadlable but not active.

Thefollowing limitations should be considered when intefipiggthe results of this study.

This dataset is a sample of drivers who live or work in the Northern Virginia or DC area and may
not be representative of all driveiss with all human subjects research, the sample consisted of
volunteer drivers which introduces ssHlection biasThe participants in this study had their
personal vehicles instrumented however due to aggregation of the survey instrumentvdsta it
impossible to know precisely how long they owned their vehicle prior to study enroliment,
therefore itwas impossible assess how driver behavior changes with exposure to the driving
automation.

This study also uses a broad definition of driving automatioresystevel 2 driving
automation is defined by SAE International J3016 as the use of ACC and Lane Centering
technology. The condition of combined use of ACC plus lane keeping in this study can be
generalized to L2 in some, but not all instanddserefore ti is important to note that dhe 21
vehicles in this sample 12 vehicles were equipped with lane centering systems and 9 were equipped
with lane keeping systems.

In the analysis of secondary task engagement, the prevalence of cell phone,
talking/listening handsfree may be underestimated due to the increased prevalence of Bluetooth
technology and integrated speakerphones. New data reduction protocols have been developed to
remedy this limitation but were not availabletia¢ time of this studyA video baed machine
vision algorithmwas used to identify driving automation system status which could not be

collected directly from the vehicle netwotkerefore the conditions of availability are our best
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approximation based on epd and ACC/LKA system desigRuture research efforts should
attempt to useeatwork datao ensure the most precise data availabieally thiswasa relatively

small sample of reduced samples in this dataset for comparison between assisted and unassisted
driving. Future research whilibenefit from larger sample sizes of secondary tasks to assess if
other driver behaviors beyond cellphone browsing are more prevalent in ACC+LKA driving
situations.

Based on the groundwork laid by Parasuraman and Mg@pdap)we have observed an
environment conducive to driving automatimated compleency.Current driving automation
features require human monitoring of automasgstem componentnd theresults of our study
show thatrivers of vehicles are inclined to engage in secondary tasks and take longer and more
frequent glances away from tf@ward roadway While driversin the present studgnded to use
their driving automation systems in the appropriate environments; whether it be a function of
system design or knowledge, their behavior while the driving automation systems were active
indicated that they were demonstrating behaviors that indicated they were not be sufficiently
monitoring the driving environment ahe driving automation systenit is possible that
performance effectsuch as omission errors or delayed reactioay occu as a result of driveds
substandard monitoring of the driving scehkerefore, m order todevelopand delivereffective
training interventions andeliverfeedbackvhen it is needed mgste mustunderstandiow driver

behavior changes as they gain exgrece withdriving automation systems.
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Chapter 4. Behavioral Adaptation with Driving Automation at Early
Exposure

The use of vehicle automation meyacerbatg@re-existing timevariant risk factors such
as engagement in natriving related tasks thabald contribute to crash involvemeint.ordinary
driving, the status of these factors change constantly, often in terms of secondthewith
associatedrash risk only increasing when they are pre@@nb, 2019)When driving automation
is being usedit is possible that thedeansient behaviors coulitecome more frequent as drivers
become more familiar with driving automation systeRr$or researcirom aviation and surface
transportatiomas indicated thatsershave a tendency to reduce their monitoring of highly reliable
automated systermand the environmer{tlaneras et al., 2013; Mosier et al., 1998; Parasuraman
et al., 2008)

Manser et al. (2013Jiscussedhe temporal factorthat mayaffect driver behavior after
the introduction of a change in the road syst@mange in the road system could include the
introduction ofnew invehicle equipment or behavioral skithat occur after this introduction.
Threepoints of driver exposure to the implemted changare mentione@nd depicted ifrigure
15: 1) the immediate phase, which occurs immediately after a driver experiences the change; 2)
the shorterm phase, aurring hours, days or weeks after the introduction of the change; and 3)
the longterm phase, which transpires after months or yddre.early exposure period for the
purpose of this research is described as the collective immediate antésihgrhasef exposure

(henceforth r ef etogackadgeintheraasl sy§itanx posur e 0)
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Figure 15. Depiction of the exposure period described by Manset al. (2013). The
combination of the Immediate Phase and ShofTerm phase will bedescribed aghe Early
Exposure period.

Research Objectives

The primary aim of this study is to identify changes in operator behavior as a function of
exposure to the drivingutomation system to assist in targeted retraining and understand the
approximateime atwhich interventions would be most beneficialvo main objectives comprise

the primary aim of this study

1. Assess how drivgrerformancehanges with exposure to tlevel 2 systencompared

to unassisted driving

2. Assesswhetherdriver performance of the OEDR subtaskile level 2 systems are

activevariesas a function oflriving automatiorsystem expsure

Research Questions

Objective 11 Assess howdriver behavior changes with exposure to thedvel 2 system

compared to unassisted driving
RQ1l.How d o e smedmrrandamiemuéntme-gapchange as a function of automated

systemstatus and systemse(exposure}
RQ 2. Do drivers adjust their adaptive cruise control distance setting with increased

exposure to driving automation?
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Objective 21 Assesavhether driver perform ance of the OEDR subtaskvhile level 2
systems are actiwaaries as a function ofdriving automation system exposure.

RQ 3. Whatis the frequency and duration of off road glances wlieerl 2 systems are
active compared to when they aret? How do the frequency and duratiof off
road glanceshange with exposure to the driving automation systems?

RQ 4. Whatis the frequency and durationiatrument panel glanceghenlevel 2 systems
are active compared to when they ao¢?Does the frequency and duration of driver
glances to the instrument panel change with increéesesl 2 system exposure
compared to umssisted driving?

RQ 5. Is there a difference in the prevalence and likelihood of secondary task engagement
while the driving automation systems are active compared to when they are inactive?
How does exposure to the driving automation influence driver secagndsk

engagement?

Hypotheses

Current training methods may be suitable to teach vehicle technology users rudimentary
tasks such as how to activate systems, but users are woefaliyifiped when it comes to their
knowledge of automated driving systeapabilities and limitationdt is hypothesized that drivers
will accept a smaller time gap with increased experience with the driving automation system,
however, a differencin their unassisted driving timgap is not anticipatedt is alsosuspected
that drivers will be more likely to engage in higbk secondary tasks and have higher eyes off
road time while systems are active compared to when they aaetivat While it is not yet known
if these behaviors will be affected by system exposure,gbssible that as drivers become more
familiar with the driving automation systems, they may feel nmogivatedto partake imon

driving related taskand look away from the road for longer periods of tithés also expected
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that drivers will look athe instrument panel more frequently when the driving automation systems
are active compared to when they agective but available becauiseportant information relating

to automated system performansédocated in this region

M ethods

To capture themmediate and shoeterm points of driver exposure to a new system
mentioned by Manser (2013he NHTSA Naturalistic Study of Level 2 Driving Automation

FunctiongL2 NDS)wasused in thesanalyses.

NHTSA Naturalistic Study of Level 2 Driving Automation Functions (L2 NDS)

Russell et al(2018)recruited 12 participants from th&Vashington, DC, region, which
included both northern Virginia dniViaryland subibs to participate ithe L2 NDS There were
ten research vehicles used in this study comprised of five makes and ;nseé®assell et al.
(2018, p. 1l)for a list of vehicles This research &rt was specifically interested in the52
participantswho drove the 2015 Tesla Model S P90OD AWIDh Autopilot (software version
8.0Y). The Autopilot software package was the mostaigdate version at the beginning of data
collection. Participants welietween the ages of 25 and 54 and were enrolled in the study for four
weeks. Participants were compensated up to $500 for full participation in the dbuotyng
recruitment, participants were asked if they owned any of the vehicles used in the shsilydo e
that they were not assigned to a vehicle that they currently owinedefore all participants
operating Teslanodel vehiclesn this study were not experienced us@&articipants who drove a
minimum of 300 miles per week were recruited for thisdgt A summary of participant

demographics and recruitment critef@ the original research efforis shown inTable 27.

1 Specific release notes of the capabilities and limitations of Autopilot system software updates were not publically
available at the time of this study.
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Participants who used the driving automation systems for less than one hour total during their four

weeks of enrollment were excluded from this analysis. The remaining 23 dnigetise inclgion

criteria.
Table 27. NHTSA MFA Naturalistic Driving Study Overview
MFA Description

N Participants 121
N Tesla Participants 25
N Tesla Participants with 1 hr. + of

o 23
L2 Driving
Ages 251 54
Enrollment Duration 1 month

Not current Tesla owners
Prior Experience with Tesla May have vehicles witdriving automation of
have driven a Tesla vehicle in the past

Driving Exposure Requirement 300 miles per week (minimum)
Training Received Experimenteded demonstration & testrive

Participant Training with Driving Automation Systems. Participants received training
designed to mimic the information they would receive at a dealership. The original research team
developed trainingising a number of resourceancluding; their experience characterizing the
study vehiclesp p e r amamuals) dealership site visiBEM stakeholder feedbaciénd online
training materials. The training outlines for the study vehicles can be foussell et al(2018)

The training was developed with the intentionnaft being overly in-depth, but still
adequately covered the use of the driving automation features. Training was kept as similar as

possible across all vehicles to avoid any potential bias fraining differences.

Data Samging
Data about syste status was available fr822trips acrosshe23 participantsKinematic

data as welassystem status were availalbte the full length of theetrip files.
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Exposure Based Sampling. Participant driving datawas parsed by units of system
exposure to the advanced vehicle systdisier adaptation can be quantified in terms of the
magnitude of change immediately after a system change occurs (immediate adaptation) and over
a prolonged use peridtbng-term adaptation)t is also important to consider the rate of learning.
Behaviors of learningan follow a power law(Newell & Rosenbloom, 1981meaning large
changes can be seen early on, but differences are less noticeable as more experience isegained. T
same habeenfound to be truéor driverslearning to use vehicle technolog{&®rster et al., 2019;

Noble, 2014) to account for thisour sampleutilized different sampling rates based on the
participantdéds cumul ative exposure with the dr

Cumulative driving exposure to L2 systems at speeds greater than or equal to 40 miles per
hour was calculated for each paigient and dividedhto three phase&ach phase was sampled at
a different rate. Phase 1 corresponds to the immediate phBggire15. Phase 1 encompassed
participans 6 f i rst three hours of driving exposure
sampled using a rate of 2 samples per hour. The short termvpdsadivided into two parts; Phase
2 represented 3 hours to 8 hoaf+.2 exposuravhich was sampled at ate of 1 sample per hour.
Cumulative exposure to driving automation greater than 8 heassssigned to Phase 3 which
was sampled at a rate of 0.5 samspler hour. In the event a trip file contained L2 drgvexposure
for multiple phases, the trip filwas split at the point where the exposure phase changed. This
occurred for 3Trip files.

All trip segments where the subject vehicle was traveling above 40 miles per hour and the
driving automation system was active or inactive but available were igdrftdm the raw sensor
data. These segments were then assigned to the appropriate L2 driving exposure bin and divided

into 15 second samples. This strategy result&3¥ #33 potential sampleavailableacross4,822
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trips for the subsequent analyses.

Time Gap Analysisand Adaptive Cruise Setting Sample®riving automation systems
influence many variables of driver behavior, howeweany variables do have limited mefatr
assessing driver performanas some of these factors more accurately descsystem
performance rathehan driver choice. ime-gap is an important safety metric because, while it
may be influenced by the driving automation system, the driver is required to accept the gap.
Research has i ndi cat e dicultyhriakteffod, andismmfertdn relaioni n g s
to time headway was low for large time headways, these measurements thfweéisee gaps
under two secondd.ewis-Evans, De Waard, & Brookhuis, 2010; Tscharn, Naujoks, & Neukum,
2018) The driver can adjust system settings or choose di$tise automation in situations where
the timegap is deemetbo low to meetthe opeat or 6 s i de al measure of
by Hoedemaeker and Brookhi®998) howeverthat the use of adaptive cruise control could lead
to ashorter minimum timayapwhile using driving automation compared to unassisted driving

Trip segments identified using the exposure basadpling method (described the
previous section) were usead assess driver time gap maintenance when driving automation
systemswvereactive compared to when thesereinactiveg and how these behaviors chadgeer
time with increased exposure to the systerhe87,433samplesiescribed in the previous section
were checked to determine exceedance of radar limitations, lead vehicle presence, and turn signal
activation. Samples where the radar limits were exdeadhere there was no lead vehicle
identified, or a turn signalvas activated (indicating an actual or possible lane change) were
excluded from this analysi&dditionally, only cases where the Tesla system identified the lead
object aseithera Car or Tuck were used in this analysishi$ criterion omitted any unknown

objects and vulnerable road users such as pedestrians, bicyclists, and motorcyclists from these
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analysesThis resulted irb0,%3 sampledor the timegap analysis(automationactive 32,711;
automationavailable but inactivel8,232).

The Adaptive Cruise Gurol (ACC) Setting Analysis ugkthei Aut omati on Ono s
from thetime-gap analysis a mpl es since ACC only controll ed t
vehicle when the driving automation systems were acliable 28 shows a breakdown of the

Time Gap samples by Exposure Phase

Table 28. Time Gap Samples by Phase
Automation
Status
Phase | Inactive | Active Total
PHASE 1| 7,579 8,689 16,268
PHASE 2| 7,033 | 12,026 | 19,059
PHASE 3| 3,620 | 11,996 | 15,616
Total 18,232 | 32,711 | 50,943

Eyes df Road and Secondary Task SampleS56 epochs with a duration of 15 seconds

were sampledor eye glance behavior and secondary task analykis samedata reduction
protocol tothat presented i€hapter 3 was followed (pagé5), however, it is important to note
that no context based matching occurred between easksontrols (e.g., time of day, day of
week, and vehicle speed + 5 miles per hoWhile baseline samples were selected based upon
system status as collected-looard the vehicle, the status of the driving automation systems were
also verified by dataeductionistgrior to beginning event reductiomable29 shows the sampling
strategy for the reducexpochs and thexpected cases and controls as aelthe number of cases

and controlsisedin the analysis based on the available data.
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Table 29. Sampling strategy for reduced epochs

Phase Start | Stop | Samples | Expected | Expected | Actual Actual
Hour | Hour | per hour Cases Controls | Cases | Controls
Phasel O 3 2 135 135 135 128
Phase2 3 8 1 96 96 96 96
Phase3 8 end 0.5 51 51 51 50
N Samples Total 282 282 282 274
N Selected Epochs 556

This sample of the dat@asused to determine if driver eye glance behavior and secondary

task engagememtasdifferent when driver assistance systems were active compared to when they

were available but inactivend how these behaviors chadgeer time The number of epochs per

participantvariedby exposure tagvel 2 driving automation as described previoushch of these

epochs were 15 seconds in duration and were coded for a battery of variables by trained data

reductionistgfor additional information see Researcher Dictigrfar Safety Critical Event Video

Reduction Data Version 4.2, Virginia Tech Transportation Inst{2Q69).

Independent Factors

Driver behaviorwas hypothesizedo change over time based on system exposure and

perceived familiarityTherefore changes in user behavior over timereexamined in this study.

Levels of he independent variables are described below and shotabia30.
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Table 30. Independent Factors Overview

Variable Name Type Description

1 On: Both lateral and longitudinal vehicle motion control
subtasks of the DDWerebeingcontrolledby the automateo
driving assistance system.

1 Available but Inactive: Both lateral and longitudinal vehi
motion control subtasksf the DDTwerebeingcontrolledby
the human driver.

L2 System Status Categorical

The phases of driver exposure to level 2 driving automation
systems at speeds greater than 40 miles per hour are descr
bel ow and denoted by At o.

f Phasel:@ours < t O 3 hours

9 Phase 2: 3 hours < t O 8
1 Phase 3: 8 hours <t

Exposure Measure (Phase) Categorical

L2 System StatusL2 System Statusefers to the status of the driving automation system
during the epoch of interest. The driving automation system active vs. availabidewafed
from the vehicle network. This binary categorical factor was categorized as either System Active,
which indicates the driving automation systesasactively maintaining lateral and longitudinal
control of the vehicleor System Inactive but avable for use if the driver chose to do so. The
minimum speed was 40 miles per hour for these events. Those periods of time when the L2 systems

were not available for use have been removed fronattadysis to ensure a valid comparison.

Exposure Measure(Phase) To asess how driver behavior changasl a function of
exposure to the L2 driving automatjativer behaviorsveresampled using the method described
previously.Three levels of exposumereassessed in this study (referred to as Phas&3. Phase
1 encompassed participantsd first three hours
8 hours, and phase 3 represents more than 8 hours of experience with the driving automation

systen.

DependentMeasures

The following dependent measumgsreused to answer the research questions described
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on pageso6.

Time-Gap. Time gap is calculated by dding the following distancé qpX) , dromh | ect e ¢
the vehicl, s thadasrmubymrit( e@darhmitcGhasénwadehedames,i t y
Ahmed, & Young, 2018)The units for distancearemreet s and t he subject veh
meters per seconcap is included in this research effort due to the fact that prior research has
demonstrated that it is an important factor when drivers initiate braking and it also influences how
drivers cottrol braking(McLaughlin, 1998)

Table31 describs the dependent measures used for 4gap in this study. It is important
to note due to the limitations of the Tesla system radar and speed thréisaatthximum time

gap for theseramlysedid not exceed 7 seconds.

A X
Figure 16. DepictionofqpX f or comapt i ng t i me

1T - @)

x|

Table 31. Time-Gap Dependent Measures
Measure Description

Shortest timegaprecorded with respect to the lead vehicle for a 15
second epoch.

Minimum Time-Gap

Averagetime gap recorded with respect to the lead vehicle fora 1

Mean TimeGap second epoch.

Adaptive Quise Control DistanceSetting. Tes| ad6s adapti dgsvenrr ui se

levels ranging between one and seven; wherevaigéhe shortest distance and sewasthemost
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conservative Each setting corresporati to a timebased distancérom the lead vehicle (if
detected) however,the vehicle did not exceed h e d r ispeed; éxecept foreunder certain
conditions speci fi €ldslaing2018hTe angpteve cautseoconrad settimg n u a |

remained constant between trips unless the driver chose to adjust the setting.

Eye Glance Behavior. Monitoring theroadwayand determininghe field of safe travel
remainedthe responsibility of thedriver when usinglevel 2 driving automation. This is a
fundamental component to the driving task and excessively long off road glacreasdhe odds
of crash involvemeniKlauer, Guo, Sudweeks, & Dingus, 201Bpwever, essential information
about the status of the driving automation system is located on the instrument panel, therefore
some glances to thisgenwereexpectedThe dependent measures for eye gldretegviorwere

divided into two categories; Off Road Glance Measures and Instrument Panel Glance Measures.

Off Road Glance Masures.Off road glance measures are describedable 32. A
detailed description of the on and off road glance locations used in this study can be found in

Appendix J. Definingon Road Glance Locations
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Table 32. Eye Glance Measures
Glance Measure Acronym Description

The summation of all glance durations to all
AOQIs other than the road scene ahead during
sample interval in secondSAE International,
2017)

Total Eyes off Road Time TEORT

The average duratiaof all glances away from

Mean Off Road Glance MGOR | the road scene during the-$&cond sample

Duration :
interval.
Single Longest off Road The duration of the single longest glance away
SLG : :
Glance from the road scene during the sample interva

Thenumber of glances away from the road sce

Number of off Road Glances| NORG during the 15second sample interval.

Instrument Panel Glance Measure&ne of t he dr i inéhe dmpletioas pons
of the OEDR subtasis to supervisethe driving automation syste(®AE International, 2018)
Key visual stimuli thatverenot contained in the forward roadway pertaining to automated system
performancaverefound on the instrument pangicluding system status and set sp8dwerefore
glances to the instrument pangkre assesse separately from the off road measur@ésance

measures to the instrument panel are describ&dbte33.
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Table 33. Eye Glance Measures to Instrument Panel

Glance Measure Description
Total glance duration to the | The sum othe duration o&ll glances tdhe instrument pane
instrument panel during the sample interval.
Single longest glance to The duration of the single longest glance to the instrumen
instrument panel panel during the sample interval.
Mean glance duration to The average duration of all glances to the instrument pan
instrument panel during the 15second sample interval.

Number of glances to the This number of glances to the instrument panel during the
instrument panel second sample interval.

Prevalenceand Likelihood of Secondary Task Engagement. The method of task
classificationis described below ifable34; these groupings are similar to those used by Dingus
et al (2016) where driver secondary task prevalence and their contribution to crash risk were
assessed using data from the SHRRaturalistic Diving Databasén the present analysisp uo
six secondary tadkehaviors were coded f@b-second epochs. Eprevalencef secondary tasks

while automatiorwasactive compared to whemasinactive.
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Table 34. Secondary Task Classification

Secondary Task

Disaggregate Tasks

Any Task

If secondarytaskvasp opul at ed wi t h

a

t ask

0

All Cellphone

All cellphone tasks

VisuakManual Cellphone

All cellphone tasks excluding talking

Talking

Cellphone, Talking/listening, hartkld

Texting Cellphone, Texting
Dialing Cellphone, Dialing hantield, including using quick keys
Browsing Cellphone, Browsing

Reaching Phone

Cellphone, Locating/reaching/answering

Reaching for object in
vehicle (norcellphone)

Reaching for cigar/cigarette

Reaching for foodelatedor drink-related item
Interactionwith moving object

Reaching for object, other

Tablet device, locating/reaching

Reaching for personal bodglated item

External Distraction

Looking at an object external to the vehicle
Looking at previous crasbr incident
Looking at pedestrian

Looking at animal

Other external distraction

Passenger Interaction
(adult or child)

Passenger in adjacent seamteraction
Passenger in rear sdanteraction
Child in adjacent seétinteraction
Child in rear seat interaction

Hygiene

Biting nails/cuticles

Combing/brushing/ fixing hair

Removing/inserting/ adjusting contact lenses or glasses
Other personal hygiene

Applying makeup

Brushing/flossing teeth

Removing/adjusting clothing

Removing/adjusting jewelry

Drinking (norralcohol)

Drinking with lid, no straw
Drinking with lid and straw
Drinking with straw, no lid
Drinking from open container

Eating

Eating without utensils
Eating with utensils

Reading/Writing (includes
tablet)

Reading

Writing

Tablet device, viewing
Tablet device, other
Tablet device, operating

Dancing

Dancing
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Analyses

Descriptive anl inferential statisticavereusedto assess thgreviously described research
questionsFor all analyses, statistical significanwasevaluated atl= 0.05 All models except
where explicitly noted include a drivepecific random effect term which incorporates the
correlations among observations from the same driver.

Assessmesto f d s minvineumand meartime gapwere performed using a mixed
general linear mode&lith arandom driver effect term and nedttrip level covariate. These random
effects allowed for thenodel to account for correlatioasnong observations from the same driver
within the same trip. This analysis was performedito d er st and i f tinegagp how
maintenane changes while using the driving automation systems aneémptbsure tohe system
The dependent factors were asse$sgaalitomation system status (&et, inactive) and 2 driving
automationexposure(Phase 1, Phase Phase3). The interaction of automation status and
automation exposumgas also assessed by the dependent variable

Additionall vy, t he as sgapsselacton bn the fadaptive ecruiser i v e |
control system while the driving automation system was active was performed to corroborate any
findings from the time gap analysiultiple logistic regression modelsane used to assess ACC
Distance Setting. The dependent measure of ACC Distance Setting was dummy coded for the
distance of interest (e.g., Distance 5 = 1) while all other distances were s&rteed.random
effects and trip level covariates were incldda the model to account for correlatioasiong
observations from the same driver within the same trip. This analysis allowed for the assessment
of the likelihood of a particular tiragap selection within a given exposure phase while the driver
was usinghe driving automation system.

Thedr i ver 6s pr i nwhile|2 systeraspeceactiveviasthe ipgrfgrmance of
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the OEDR subtas{SAE International, 2018 her ef or e, dr i verobhdothey e
driving scene and to the instrument panel were assesseterabzed linear mixednodelswith

the driverspecific random effeavereusedassess the duratigfEORT, SLG, and MGORand
frequency of glances away from tread scenéNORG). Independent factors include automation
status, exposure phase, and the interaction between these two EHfebtdependent variabdas
evaluated in a separate model.

The likelihood of higkrisk secondary task engagement was assessed using a migesd effe
logistic regression with random driver effect teimtheevent that the mixedffects model was
unable to converge, a conventional logistic regression wastsedependent factor sécondary
taskengagementy es/No)wasevaluated by thenain effetsof driving automation status (active,
inactive)andautomation exposure (Phase 1, Phase 2, Phasel 3heir interaction

Table 35 shows the research plan for this study. The research question along with the

associated independent and dependent measures are shote wjibcified analysis.
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Table 35. Overview of Study 3 Research Plan

Objective Research Question SIS ISt Analysis
Measures Measures
RQ 1. How does di , Qenerah;ed
< . .| Mean timegap Linear Mixed
DRIVING | minimum timegap change as a functior] . ,." " . System Status .
Minimum time-gap Model with
STYLE | of automated system &t and system Phase ) .
driver andtrip
use (exposure)?
randomfactor
Mixed-Effects
RQ 2. Do drivers adjust their adaptive Logistic
DRIVING | cruise control distance setting with ACC Distance Phase Regression
STYLE | increased exposure to driving Setting with driver
automation? and trip
randomfactor
RQ 3. What is the frequency and
duration of off road glances when level Generalized
: TEORT : ,
systems are active compared to when Linear Mixed
MGOR System Status .
OEDR | they are not? How do the frequency an Model with
: .| SLG Phase :
duration of off road glances change wit driver random
S : NORG
exposure to the driving automation factor
systems?
RQ 4. What is the frequency and
duration of instrument panel (IP) glancg Total glance Generalized
when level 2 systems are active , . )
duration to IP Linear Mixed
compared to when they are not? Does System Status .
OEDR . : Mean glance to IP Model with
frequency and duration of driver glance Phase )
. . SLGto IP driver random
to the instrument panel change with
. N Glances to IP factor
increased level 2 system expasur
compared to unassisted driving?
RQ 5. Is there a difference in the
prevalence and likelihood skcondary . : Mixed Effects
: - High Risk o
task engagement while the driving Logistic
. ) Secondary Task System Status .
OEDR | automation systems are active compar Regression
. . Engagement Phase . .
to when they are inactive? How exposl with driver
. S (Yes/No)
to the driving automation influence random factor
driver secondary task engagement?
Results

23 volunteer drivers (12 maleyvere included in this analysish& mean participant age

was 39.7 (SD=7.2)ears old. Over4000 miles of driving data was recorded 1,514hours; 245
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hours(15,830 milespf driving exposure took place while using L2 driving automation at speeds
above 40 miles per houFigure 17 shows the distribution ofumulative exposure to driving
automationsystemsabove the 40 mile per hour threshold for each participant during their
enrollment in the studylhe average duration of L2 system use above 40 miles per hour was 10.66
hours (SD = 5.20 hourshdditional information about participant driving exposure for these data

is located iPAppendix L. Participant Driving Exposure
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Figure 17. Distribution of participant exposure to L2 systems at speeds greater than or
equal to 40 miles per hour while enrolled in the study.

Minimum Time -Gap

A mixed effects general linear model with random driver effeas used to understand if
arelationship betweeminimumtime-gap and exposure to dng automatiorexisted The main
effectof automatioF(1, 48886=1.36 p=0.244(Q was not significant. The main effect pliase
[F(2,48889=4.06 p=0.0172 and theinteractionof automationstatusandphasewere signiicant
for minimum timegap [F(2,48886=3.39 p=0.033g . Tukeyds post hoc test

was a significant difference when the automation was active between Phase 3Y188H).97)
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and Phase 3 (ME29 SD= 0.92 There was also a significantfidirence in the timgap when
automation was active between Phase 2 (M=1.39, SD=0.99) and Phase 3 (M=1.29 SD= 0.92).

Model solutions and retrospective power analyses are reported in Appendix M.
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Figure 18. Minimum time -gap byexposure phase
Mean TimeGap

A mixed effects general linear model with random driver effect was used to understand if

therewasa relationship between mean tigap and exposure to driving automation. The main

effects of driving automation [F(148886= 0.01, p= 093589 and phase [F(248886=1.93,

p=0.1454 did not havea significant effect on mean tirgap. Thee was a significannhteraction

of automationstatusandphasefor mean timegap [F(2,4888 =8.73 p=00003 . Whi |l e dr i v
mean timegap renainedrelatively consistent over time while the driving automati@sinactive

(Figure 19), the mean timgap varied while the driving automation system was active with
significant differences occurring betwe@mase 1 (M=1.88, SD=1.17) and Phase 3 (M=1.77,

SD=1.14) as well as Phase 2 (M=1.90, SD=1.20) and Phase 3 (M=1.77, SD=1.14). There was
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significant difference between driver time gap when automation was active within Phase 1
(M=1.88, SD=1.17) and Phase 2 (M=1.90, SD=1.20). There was no significant difference between
Phase 3 Automation active @.77, SD=1.14) and Phase 3 Automation inaet(M= 1.83,

SD=1.17).Model solutions and retrospective power analyses are reported in Appendix N.
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Figure 19. Mean time-gap by exposure phase
ACC Distance Setting

To investigate whether the settings of the driving automatystem contributed to the
changesinthemedani me gap observed in the previous ana
Distance settings was conductddlltiple logistic regression models were used to assess ACC
Distance Setting. The dependent fadbACC Distance was dummy coded for the distance of
interest (e.g., Distance 5 = 1) while all other distances were set to 0. This method &tlewed
determination ofthe likelihood of a particular distance setting being chosen during a given
exposure phaseéNote thatDistances 6 and 7 were excluded because they were not used by

participants Table 36 shows the solutions for the logistic regressioodels Drivers weremore
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likely to select Distance 5 compared to other distances in Phase 2 (OR: 1.78, [CI: 1.58, 2.00]) and

Phase 3 (OR2.48 [CI: 2.20, 2.79]) as compared to Phdsdnterestingly, Distance 1 was also

more likely to be chosen by drivers in BB&8 compared to Phas€QR: 1.37, [CI: 1.28, 1.47])

This indicates that driver preference for thgap setting is nonniform. Some drivers prefer a

shorter timegap while others prefer a longer tirgap. Over time it appears drivers were more

likely to fall into one of these two groups as indicated by the refultheintermediatdime-gap

distancege.g., Distance 23, and 4) which indicated thatiders were less likely to select these

distances in their later exposures compared to their eatperiences.

Table 36. Odds Ratios for ACC Distance Setting by Phas®istances 6 and 7 were excluded

Longer

Shorter

because they were not used by participants.

ACC

: Phase | Reference| OR +/- DF LL UL Sig
Distance
. PHASE 2| PHASE 1 1.78 + 32,686| 1.58 2.00 *
Distance 5
PHASE 3| PHASE 1 2.48 + 32,686 2.20 2.79 *
. PHASE 2| PHASE 1 1.13 + 32,686| 1.04 1.23 *
Distance 4
PHASE 3| PHASE 1 0.36 - 32,686| 0.32 0.40 *
. PHASE 2| PHASE 1 0.93 32,686| 0.86 1.00
Distance 3
PHASE 3| PHASE 1 0.74 - 32,686| 0.68 0.81 *
Distance 2 PHASE 2| PHASE 1 0.79 - 32,686 0.74 0.84 *
PHASE 3| PHASE 1 1.01 32,686 0.95 1.09
. PHASE 2| PHASE 1 1.02 32,686| 0.96 1.09
Distance 1
PHASE 3| PHASE 1 1.37 + 32,686 1.28 1.47 *

Figure 20 shows the percentage of driver distance selection over Barécipants used

the shortest timgap distance mostften regardless of exposure phda3evers used the shortest

time gap seibhg mostoften in Phase 33¢.3%) compared to Phases 1 (31.5%) and 2 ¥3)1.2

Interestingly, the prevalence of Distance 5 more than doubled between Phase 1 (6.6%) and Phase

3 (13%) indicating that driver prefereas for system usever timeare norshomogenous.
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Figure 20. ACC set distance by exposure phas®istances Gand 7 were excluded because
they were not used by participants.

Further investigation of individual driver selection of ACC Distance over (shewn in
AppendixO) graphicallyrepresents the ACC distance selectignexposure phase for 21 of the
23 participantsThe observations for the two remaining participants were limited to Phase 1, and
therefore, no exposure based comparison was miadg ar t i ci pant 6s prefer en
distance setting ultimately settles on a shorter ACC distance setting in their later exposure phase.
Four participants appear to tend toward the higher ACC distance settings over time, while six
participants have ndiscernable pattern between their initial exposure period and final exposure
period. This is further evidence dhat driver prefereres for system use over time are fion
uniform. Preferencef®r system settingsan vary not only between drivers, but within the same

driver.
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Eye Glance
A total of 556 epochs were used to assess driver eye glance behavior while the automation
systems were actiy@=282)compared to when they were inactive but availét74) andhow

these glance behaviors changed over {ijphase)

Off Road Glances. Off road glancedid not include glances to the instrument paBiice
pertinent system monitoring informatieves located on the instrument parteese glancewere
considered Aon roado and are al so eesultslfrgrz ed se
the mixedeffects general linear regression indicate that automation had a significanbefdct
driver off road glance behavior for all measures excePRES. Interestingly, there were no
differences with respect fihase or the interaction between automation and exposure [iaite
no significant differences emergeaptabletrends of the interaction of automation status and
exposure phase are discussedow. Table 37 sunmarizes the differences for each dependent
measure by automation status and exposure phegel solutions and retrospective power
analyses areeported in Appendix P.

The status of driving automatiosystem contributed to TEORT [F(5B28)= 8.24,
p=0.0043]. When driving automatievasactive drivers ha a higher TEORT (M=2.97, SD=2.95)
than when automatiowas available (M=2.36, SD=2.18). TEORTpjgeaed to increase with
driving automation exposure when systems were active. The main effect of driving automation
status also contributed to th&GOR duration [F(1, 528) = 9.56, p=0.0021yVhen automation
was active drivers hadtagher MGOR (M=0.73, B=0.60) than when the systawasavailable
(M=0.60, SD=0.40). Additionally, driving automation status contributedthe SLG [F(1,
528)=11.59p=0. 000 7] . Driversodo single longest gl anc

active was on average 1.17 seds (SD=1.18), with a maximum of 10.61 seconds away from the
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road. When driving automation was available, but inactile single longest glance was on
average 0.90 seconds (SD=0.65) and the maximum single longest glance was 3.87 seconds.

The number ofglances away from the roadway was not significantly impacted by
automation status [F(528)=0.01, p=0.9370]. When automation was active participants took an
average of 3.45 glances away from the road (SD=2.60) and when the system was inactive, but

availeble drivers took 3.40 glances away from the road (SD=2.78).

Table 37. Off Road Glance Measures by Exposure Phase and System Status

Measure Phase System Status N | Mean| SD | SE | Min | Max
Active 135| 2.73 | 2.74| 0.24] 0 |1281

Phasel I \Vailable 128] 229 | 2.2 |019] 0 | 9.14

Active 96 | 3.08 | 3.24| 0.33] 0 |12.88

TEORT Phase 2 \vailable 96 | 2.34 | 2.22/023] 0 | 9.14
Active 51| 338 | 2.9 | 0.41] 0 |11.35

Phase s \Vailable 50| 26 | 21| 03| 0 | 861

rmeeq | Active 135| 0.71 | 0.64|0.05| 0 | 5.74

Available 128 06 |045/004] 0 | 2.04

Active 96 | 0.71 | 0.6 | 0.06] 0 | 3.22

MGOR Phase 2 Available 96 | 0.59 | 0.34| 0.03| 0 | 1.43
oraceq | Active 51| 0.79 | 0.46|0.06| 0 | 2.3

Available 50 | 0.6 |0.37| 005 0 | 1.62

a1 | ACtive 135 1.09 | 1.23| 0.11] 0 | 10.61

Available 128| 0.88 | 0.69| 0.06| 0 | 3.87

Active 96 | 1.2 |1.23/0.13| 0 | 6.27

SLG Phase 2 FAvailable 96 | 0.87 | 0.54| 0.06| 0 | 2.34
e | ACtive 51| 1.34 | 0.92| 0.13] 0 | 3.87

Available 50| 1 |073/ 01| 0 | 3

oroee 1 | Active 135| 3.39 | 256|022 0 | 12

Available 128| 32 |2.65/023] 0 | 13

Active 96 | 341 |2.75/028| 0 | 13

NORG Phase 2. A Vailable 96 | 3.46 |2.92/ 03| 0 | 12
race g LActive 51| 3.71 | 245/ 034] 0 | 9

Available 50 | 3.78 | 2.82| 04| 0 | 11

While the interaction of automation status and exposure pivasenot statistically

significantin these analyses, a trend of increased off road glance dusgtiimcreased exposure
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to the driving automation systemsy beemerging(Figure21 - Figure24). In general it appear

that as drivers have increased exposure with the driving

monitoring of the driving environment declines.
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Figure21. Thi s figure shows part

i cipantsd TEORT

exposure phaseThe main effect of automation status was significant, drivers tended to
look away from the road longer when the driving automation was activeompared to when
it was available (Error bars represent standard error.)
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Figure22Thi s fi gure shows participantsd MGOR by
exposure phaseThe main effect of automation was significant for theMG OR analysis
(Error bars represent standard error.)
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Figure23. Thi s figure shows participantsd SLG by di
phase. The main effect of automation was significant for the SL@nalysis (Error bars
represent standard error.)
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Figure24.Thi s fi gure shows participantsd number
automation status and exposure phase. Neither main effect nor their interaction was
statistically significant for this analysis (Error bars represent standard error.)

Glances to the Instrument Panel. The main effect of driving automation status had a
significant influence omosteye glance measurd®wever no significant differences were found
for the main effect oéxposure phase or the interaction between automation status and exposure
phaseTable38 summarizes the differences for each dependent measure by aomostetiis and
exposure phas&lodel solutions and retrospective power analyses are reported in Appendix Q.
Total glance duration to the instrument pama$ not influenced by automatistatus [F(1,
528) 3.71, p=0.0548 when automation was actigeivers spent an avage of 0.54 seconds (of
the 15second epoch) looking at the instrument panel (SD=0.89 s). When the driving automation
was inactive drivers looked at the instrument panel for 0.40 seconds on average (SD=0.81).
Dri ver s0 metamto thgelinstrument panal was impacted by automatiaius
[F(1, 528) =6.44 p=0.0114). Drivers mean glance duration to the instrument panel while the
driving automation was active was30.seconds (SD=80) and 022 seconds when the system

was inadve (SD=0.%) when the systems were inactive but available
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Driversd single | ongest glance to the inst
status[F(1, 528)=4.83 p=0.283. When the driving automation sy
single longesglance to the instrument panefs0.36 secondsn average (SD=89). However,
when the driving automation systems were inactitile average single Igast glance to the
instrument panel was Z6 seconds (SD=@5). The status of the driving automatiegstem also
influencal the number of glances to the instrument pfip@, 528)= 4.02 p=0.0454. When
the driving automation systems were actideivers made on average79 glances to the
instrument panel (SDE13. When the system was not active butidable drivers made an

average of 0.61 glances to the instrument pgeEl.11).
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Table 38. Glances to the instrument panel

Measure Phase | System Statusf N | Mean| SD | SE | Min | Max
Phase 1 Active 135| 0.57 | 0.86|0.07| 0 | 4.67

. Available 128| 0.45| 0.9 0.08/ 0 |5.14
tTOOttﬁL%Lir:ffr:e”r:f“O” orase o |ACtve 96 | 0.51 091|009 0 | 454
panel Available 96 | 0.32 | 0.66|0.07| O | 3.47
Phase 3 Active 51| 0.54 10.94|/0.13| 0 | 5.07

Available 50 | 0.42 {0.84/0.12| 0 | 4.54

Phase 1 Actiye 135| 0.34 | 0.39/0.03| 0 | 1.54

Available 128| 0.24 | 0.38|0.03| O 1.8

Mean glance duratiof Phase 2 Active 96 | 0.28 | 0.42(0.04| 0 | 2.47
to instrument panel Available 96 | 0.18 | 0.32/0.03] O 1.4
Phase 3 Actiye 51| 0.28 {0.38/0.05| 0 | 1.23

Available 50 | 0.21 | 0.33|0.05| 0 | 1.27

Phase 1 Active 135| 0.39 | 0.45/0.04| O 1.8

Available 128| 0.3 | 0.5[/0.04] 0 | 24

Sir_lgle longest glance Phase 2 Active 96 | 0.34 |0.54/0.05| 0 | 2.67
to instrument panel Available 96 | 0.21 | 0.36/0.04| 0 | 1.47
Phase 3 Active 51| 0.33 | 0.5[0.07| 0 | 214

Available 50 | 0.27 | 0.44|/0.06| 0 | 1.87

Phase 1 Actiye 135| 0.85|1.12| 01| O 5

Available 128| 0.65 |1.13| 0.1 | O 7

Nurr_lberofglancestc Phase 2 Actiye 96 | 0.71 |1.14/0.12| O 6
the instrument panel Available 96 | 0.53 |1.05/0.11| O 7
Phase 3 Actiye 51| 0.76 | 1.16]/ 0.16| O 5

Available 50 | 0.68 | 1.22]/0.17| O 6

The interaction between automation status and exposure phasenatestatistically

significantasshown inFigure25-Figure28.
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Figure25. Thi s fi gure shows participantsd total gl ¢
the 15second epoch by driving automation status and exposure phaseeithher main effect
nor their interaction was statistically significant for this analysis (Error bars represent
standard error.)
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driving automation status and exposure phase. The main effect of autation was
significant for this analysis (Error bars represent standard error.)
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Figure27.Thi s figure shows participant s&truneentngl e |
panel by driving automation status and exposure phase. The main effect of automation was
significant for this analysis (Error bars represent standard error.)
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Figure 28. This figure shows the number of glances to thestrument panel by driving
automation status and exposure phase. The main effect of automation was significant for
this analysis (Error bars represent standard error.)
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Secondary Task

The results of the mixedffects logistic regression did not yieddy significant differences
in a driversodé |ikelihood to perform a secondar
or inactive but available oduring eachexposure phaselable 39 shows the secondary task
prevalence while automatiomas available and active as well as the odds ratiogasks with
computable odds ratio¥he low prevalence of certain tasks (etexting, dialing, and reaching
led to wideconfidence intervaldherefore only prevalence will be reported and discussed.

Interaction with passengers was among the most conmseoandary tasks observed
whether automation was activé7((0%) or inactive but available@.0%). Cellphone tasks were
also highly prevalent among both driving situatiomben automation waavailable(12.4%) and
when automation was activfl0.36). Visuakmanual cellphone tasks and other higgk
secondary tasks for adult drivessich as external distractions and reagtior an objegtwere not
significantly different by automation status or by tiniée odds ratios for secondary tasks by

phase are reported Appendix R.
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Table 39. Prevalence and Odds Ratio Estimates foBecondaryTask Engagemenwhile
Driving Automation Systems are Active compared to when theyra Inactive but Available

Prevalence Odds Ratio 95% Confidence
Task (ref: Interval
Active Available | Available) DF LL UL

Number of observations| 282 274
Any Task 67.0% 69.0% 0.856 528 | 0.569 | 1.288
All Cellphone 10.3% 12.4% 0.714 528 | 0.387 1.32
Cellphone (visual 6.7% 5.8% 1613 | 528 | 0.642 | 4.05
manual)
Talking (cell phone) 3.9% 6.9%
Texting 0.7% 0.0%
Dialing 0.4% 0.0%
Browsing 5.0% 4.4%
Reaching Phone 1.1% 0.7%
Reqching for object in 1.8% 0.7%
vehicle (norcellphone)
External Distraction 6.0% 6.2% 0.956 528 0.47 1.946
Passenger Interaction 24.5% 24.8% 0.895 528 | 0.549 | 1.458
Drinking 2.13% 1.46%
Eating 1.77% 0.36%
Hygiene 3.9% | 3.6%
Reading/Writin
(includegs tableg 0.0% 0.0%
Dancing? 2.1% 0.7% 76.435 550 | <0.001 | >999.9

4 |ndicates conventional logistic regression was used.
Discussion

The SAE Levels of Automation attempt to categothme driving task into the constituent
subtasks and allocate roles and responsibilities to the human operator and driving automation
system. In this study we examined two components of the driving subtasgitudinal control
through timegap maintenan¢ceind object detection and response (OEDR) through eye glance
behavior and secondary task engagement. The results of this study demonstrate that driver time
gap is influenced by driving automation system status and experience with the system and there is
anindication of trends for increased eyes off road time and glances to the instrument panel with

increased exposure to the driving automation systems.
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There is evidence to suggest that driversbo
driving automation ystem status and experience with the systems. This analysis showed that
driverso6 mean time gap varied while the drivi
differences occurring between Phase -B (fours of driving exposure) and Phase 3 (ntloa& 8
hours of exposujeas well as Phase 21 8 hourg and Phase 3riorethan8 houysDr i ver s me a
time gap while the driving automation systems were inactive but available remained generally
consistent across their entire driving exposure (between 1.83 and 1.84 seconds). In a recent study
by James and Hamm({019)examinng driver carfollowing behavior using naturalistic driving
dat a, t meantine gap @uring éar followingas approximately 1.87 seconds (SD=0.61)
which indicates thahe values observed the present wiorktime-gaparereasonable with respect
to realworld driving conditions. Thesdifferences between automation status and exppsure
however are relatively small and while they may be statistically significant do not appear to offer
much practical significance.

The analysis of ACC Distance Segmindicated thatrdvers used the shortest time gap
setting most often in Phase 3 (34.3%) compared to Phases 1 (31.5%) and 2 (31.2%). Interestingly,
the prevalence of Distance the longest timgap setting observedjore than doubled between
Phase 1 (6%) and Phase 3 (13%ndicating that driver preferees for system use over timay
benonhomogenous.

Driver off road glance behavior was influenced by driving automation system status
drivers looked away from the road longer while driving automation was active compared to when
it was available. This is consistent with the results present€tapter 3. While no significant
differences were found when examinitige interaction between driving automation status and

exposure to the driving automation system, off road glance durations did tend to increase as
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driverso6 gai ned ex peDrivesmadag theiriglance behaveor wheén usng st e r

automated systemwhich may limit the informatiosampling from their surroundings. In a study
of automated parallel parking systerdavers spent less time looking at the parking speten
using automatiothan when not usg automationAdditionally, theproportion of glanceas well

as the amount of timgpent looking at the instrument clusitecreasedKidd, Reimer, Dobres, &
Mehler, 2017)

When examining the frequency and duration of driver glances to the instrument panel by
automation status it was unsurprising to find that the driving automation status had a significant
influence ommost off road glance measures, with the exception dfdatation of glances to the
instrument panelWhile the interaction between driving automation status and exposure did not
have a significant effect, a possible trend emerged, in which the duration of glances to the
instrument panel decreased with great@r exposure. This could indicate that with more
experience drivers become familiar with the cues associated with the driving automation system
but are verifying the system status walightly more scrutinywhencompared taonventional
driving. However the results presented @hapter 3 showed a contrasting findirigwe found no
significant difference in the total duration of glances to the instrument panel, mean glance duration,
or the single longest glance to the instrument panel when the automasarctive compared to
when it was inactive. These differences indicate that a longer observation period than what was
attained from the data presentedhis chaper maybe required to observe driver glances to the
instrument panel return to their unagsisdurations.

Driver performance of secondary tasks is high. While drivers are not more likely to perform
a secondary task while the driving automation system is a&&/&%y compared to when it is

available but inactive68.6%99 [OR: 0.837 (CI: 0.555 1.264)] the prevalence of secondary task
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engagement in previous studies has not exceeded 55% d@nagjus et al., 2016; Guo et al.,
2017 Chapter 3). Dingus et al. (2016) used a six second baseline sample and found overall
secondaryask prevalence to be 51.93% and the research presefbdpter 3used a 10 second
sample window and found secondary task prevalence to be 55.4%. Howes@me cases the
prevalence of events is more than double what is repdrtesks such as dialingalking,
browsing, reaching for a necellphone object, drinking (nealcohol), and hygiene. These
differences in prevalence could be attributed to a number of factors.

One hypothesis is that these differences are due to the 15 second reduction veedow u
in the analysigRussell et al., 2018)this could be a result of the loss of the homogeneity
assumption of driver behavior in longer secondary task epochs as these windows become wider
(i.e., the Ikelihood of observing a driver engaging in any secondary task during a six second
window is lower than observing a driver engaging in any secondary task duringezdl
window). Another possible reasatnoul d be t he wuser s6 pabilitesepti on
which was not assessed in teisdy. The technology and reputation of a vehicle and/or driving
automation system may change user expectations for performance and therefore behavior
(Abraham, Seppelt, Mehler, & Reimer, 201Fnally, the vehicles in this study were leased
vehicles which have been shown to affect driver risk taking, as opposed to the research presented
in Chapter 3which involved personal vehicles. One notable example is providBihigys et al.
(2006) where the relative risk for drivers participating in the 100 Car Naturalistic Driving Study
was examined foiour weeksdriving aleased vehicle drivingompared tdour weeks ofdriving
their private vehicle The resultandicated that when the same driver switched from a private
vehicle to a leased vehicle there were more events (crashes, near crashes, and incidents) per mile

in the leased vehicle compared to the private vehicle.
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Thefollowing limitations should be comdered when interpreting the results of this study.
This dataset was limited to a sampledaiers who livel or worked in the Northern Virginia or
DC area anthereforanay nothave beemnepresentative of all driver8dditionally, thisparticipant
cohortwas likely to exclude drivers of inordinate risk. The driving history check performed
excluded participants with certain driving violations (such as driving while intoxicated), and
drivers with more than three driving violations in the past 5 years.cheisk was required due to
University policy in order to insure the vehicles for the duration of the sRegardlessclear
cases of distractiowere observed both with and without the driving automation systems.active
This study is focused on driver kahior with L2 systems at speed greater than or equal to 40 miles
per hour. The results of this work should not be extended to driver behavior at lower speeds.
Participants were driving vehicles that wergamiliarto them anddrove them for a relatively
short duration (4 weeks) compared to previous NDSs wherenttdmentduration was months
or years As with mosthuman subjects research, the sample consisted of volunteer drivers which
introduces selkelection bias

The results of thistudydemonstrate longitudinal control tasksich as timeap change
with increased exposure to driving automation systems. Winlestatistically significant
differences were observed for eye glance measures, over time trends did emerge. Future studies
shouldconsider longer data collection periods of drivers using unfamiliar vehicle technologies to
allow drivers to become familiar with the vehicles and behavioral changes to stabilize and when

possi bl e, i nstrument part i cippvidedtvehidlesown vehi cl
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Chapter 5. Training Guidelines for Driving Automation Systems

A generally accepted definition of training, particularly relevaitihiv the context of this
work, is thatit is a continuous and systematic process that teandasduals a new skill or
behavior to accomplish a specific tg§lalas, Wilson, Priest, & Guthrie, 2008his definition is
particularly relevant to the domain dfiving automation systemsecause drivers mubecome
proficient in a wide variety of tasks required to operate these technolbigiwsver, the scope of
the definition focuses solely on tasks and fails to acknowlddgéhe use ofiriving automation
requires proficiency in tasks that rely on anderatt with driving environments (e.g., lane
markings that support lane keeping assist sys{&iAS]). Therefore a more recentraining
definitionmay be more applicable. This definitidnre s cr i bes training as the
of knowledge, skis, and attitudes that together lead to improved performance in a specific
envi r o(@mesman & Salas, 20114 successful training method will impart the necessary
knowledge, skills, and attitudes related to the partnership bewebéie technlogyand humans
to promote improvements driving performance and safety

With this definition in mind, there are at least three overarching goals which new training
programs for driving automation systems should aim to address. First, driver traogngnps
should seek to accommodate the growth of the driver across their stages of familiarity with the
technology. This means that driver training materials should take into account the needs of the
driver at their initial exposure to the driving autoroatsystems and their needs after prolonged
experience. Second, driver training should strive to create appropriate levels of trust in the driving
automation systems, as appropriate levels of trust in driving automation will lead to less misuse
and more appriate use of these systems. Finally, training programs should aim to increase user

acceptance of driving automation systems; society cannot reap the potential benefits of these
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systems if they are not used.

Elements of Consumer Education for Driving Aitomation Systems

When components of the driving task become automated, new tasks are introduced that the
human is responsible for performir{Bainbridge, 1983; Lee, 2017; Seppelt, Reimer, Russo,
Mehler, & Fisher, 2018)Upon their initial exposure to the driving automation systearisvo
pronged training approach should be considleoae that takes into account the machine and the
human operatoFigure29 provides an overview of a knowledge and skill taxonomy developed in
part byManser et al(2019)and modified to include the role of the human driver and laumm
automation interactiotbased on the findings of this disséida. Recommendations for how

current training materials should be updasee discussed in this chapter, in the context of the

Operator Education Areas
Driving Automation :
System Purpose & HR Operator |
Capabilities Controls & HMI Responsibility Human Factors
- J_ Automation
System | System Vigilance Bi
Components Limitations 5

Figure 29. Knowledge and &ill taxonomy of training for driving automation systems

taxonomy

Automation Centric Training Elements. In the traditional sense, operating a vehicle is
simple, howeveradding driving automatiomcorporatesan additional layer of complexityto

the driving tak. Therefore operators should be trained on the system purpose and capabilities,
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automation controls and user interface, essential system components such as cameras and sensors,

and the limitations of these systems.

System Purpose an@apabilities. When a member of the atoring public elects to use a
driving automatiorsystem, one of the fundamental levels of knowlgtigéshould be understood
is the purpose of the systems well asanyassociated risks and benefits. Training drivers on this
information could eliminate many negative consequences that result from the miswisengf
automationby appropriately modulating the wuserés
Informing divers of the function of the automated features and what they do is a primary area of
concern. McDonald et al. (2018) found that for some features, 20% of ownersatemgre
whether or not the functions were available in thashicles.Two areas that piire further
clarification are éature availabilityand howthe namingof automated driving features influences
the operatorés ment al model s and f(Ahkemetalper cep

2019; Consumer Reports, 2019b; Seppelt et al., 2018)

System Controls and HML.In their initial exposure, drivers will need to be familiarized
with the system interface, purpose, methods of activation and deactivation, and basic system
signals.Moreover according to Seppelt et §2018) in addition to monitoring the environment
and vehicletwo fundamental skills are required to supervise the driving automatfonmation
integration and analysis. Specifigaloperators will need to be able to quickly and accurately
interpret potenglly high volumes of automatiegenerated data in reaime, as well as extract
useful information from HMIs, such as system status. These skills will require intimate knowledge
of the constituent displays and feedback (tones, alerts, warnings, etc.), which will require training.

This could be done using the vehicle interface and multimedia methods so that auditory alerts are
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consistent, as are the placement, size, shape, and€atons pertinent to the system (similar to

the experimental training describedChapter 2).

System Component®rivers need to be familiar with main components of the systems on
their vehicle and know where they are located. For instance, mastaass features utilize data
collected from sensors and cameras to apply throttle or braking. If these sensors or cameras are
blocked, they could produce inaccurate information and unexpected system behaviors. According
toMcDonald, Carney, & McGehee (2018B% of respondents witiutomatic emergency braking
systems did not realize that the system relied on cameras or sensors that could be blocked by dirt,
ice, or snowGiven that thee systentomponents are required for appropriate functigers of
thesedriver support and active safety featushsuldhave an understanding of when these systems
can fail to operate and conditions under which it would be prudent to temporarily suspend system

use Better understanding could be achieved through the use of praiparg.

System Limitations Drivers must understand the capabilities and limitations afrilang
automationsystem that they are using, a skill whi¢b date many users have demsirated
deficienciesin through both knowledgbased test and their own selfeported khavior
Evidenceof this situation was provided ycDonald, Carney, & McGehee (2018ho found that
only 21%of owners of vehicles withlind spot monitosystems correctly identified the inability
to detect vehicles passing at very high speeds stamlimitation; the remainder expressed
additional misconceptionsabduth e bl i nd s p ofunctionoand/ot reportedsthatstiieye mo s
were unsure of the systembs | imitations.

Chapter 2 of the present work shows that drivers may not be familiar with limitations of
the systemsand demonstrated difficultyextrapolating beyond their own recalor example,

participants were able to recall thigensors obstructédimitation but did not indicate thatuskor
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dawn would be a time wher¢he optical sensowould struggle to detect forward vehicles
Additionally, for lane keeping assistance systepasticipants were able to recall thi@bsence or
lack of quality lane markingsbeing a limitation of these systems. Howewhis realizationdid
notextendto work zons. This ispossibly due to the diverse nature of the work zone environment
which doesot necessarily always include obscured or missing lane markingsestingly the
resultsfrom Chapter 3 indicated that despite usérgeneral inability to recall and recognize
system limitations, drivers were still using the driving automation syst@mappropriate
operational design domains in terms of vehicle speed and roadway characteristics.

The AAA Foundation for Traffic Safetyn collaboration with the Massachusetts Institute
of Technology AgelLaphas developed a systatic methodto reviewand rate the effectiveness
of new invehicle technologies that aito improve safety (Mehler et al., 2014)This review
focuses on legacy systemsuch as Electronic Stability Contr@nd advanced featuresuch as
Adaptive Cruise Control, Addipe Headlights, Backlp Cameras, FCW, Forward Collision
Mitigation, andLane Departure Warningn addition to developing a rating system that considers
the potential and demonstrated benefits offered Isetkehnologiesthe research team stated that
while some systems require little or no familiarity with the technology to derive benefit, others
have a steep learning cur(idehler et al., 2014)it is important to consider the amount of time
required to truly understand the technology bgingyided in the vehicle before turning drivers

loose on public roadways with these advarfeadures

Human Centric Training Elements. One element that is notably lacking from current
training practices for driving automation is a human centered component. Drivers need to
understand what their role is in the husmaachine relationship and what effect automation may

have on their behavior
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Operator Responsibility. As mentioned previously, the introduction of automation
presentsiew tasks that the human operator is responsible for performing. Many have argued that
the marketing name of a system may encourage the misalignment of drpectagions.
Abraham, Seppelt, Mehleand Reime (2017) found that brand names do influence consumer
perceptions of technologies, howeuwbese naming schemes do noeofidequate information to
appropriately inform the driver of their role while using driving automatibime results from the
research presented @hapters 2, 3,and 4 pertaining to driver eye glance behaviidicatethat
drivers need to be educated abtheir responsibility in completing the OEDR subtasken
operatos believe system capabilities exceed the actual capabhilisgstem misuse and
complacencymay be observedParasuraman & Riley, 1997Privers must be sufficiently

educated regarding their resyibility when using driving automation systems.

Human Factorsi Human interaction with automation.The results of this dissertation
supportthe findings of other research about operator behavioral change withrtddgtion and
use of automation. Drivers in this research demonstrated a tendency to reduce their monitoring of
the roadway to varying degrees while using the driving automation systems, the same has been
found in other studie@.laneras et al., 2013; Mosier et al., 1998; Parasuraman et al., Z6@8
changs in performance may stem from lack of relevant experience with the given task demands
(Stanton & Young, 2005yigilance decremen{&ndsley & Kiris, 1995; Louw et al., 2017; Louw
& Merat, 2017; Merat et al., 2019; Strand et al.,£@t complacency with the automated systems

(Bahner et al., 2008; Manzey et al., 2006; Singh et al., 19%983a)

Vigilance. It is taught that drivers must pay attention to the road and look for hazards when
they are operating a vehicle without any assistance systems active. However, emphasis is lost on

this responsibility viaen driving automation systenase active It is the responsibility of the
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human operator to oversee and coordinate performahea driving automation systems are in
use(Bradshaw, Hoffman, Woods, & Johnson, 2Q¥8)ich isa vigilance task. Mackworit1948)

showed how an i nditsignaschlahgéssoveatinme. Initialyythetrate ofdsigrale c
detectionswere good (approximately 85%however,it declined sharply within the first 30

minutes of the session (to approximately 75%gn showed a more gradual decline for the
remainder of thdwo-hour observation(to a value of approximately ¥8). The results from

Chapter 3 indicated that drivers spent more time looking away from the road scene while
automation was active and they were more likely to browse on their cellfbone.v er & abi | |
respond to hazards is compromised in the absence of full attéhtevat et al., 2012)therefore

it is imperative that drivers pay appropriate attention to the road scene.

In aviation it was noted by Casner and School2015) that individuals performing
monitoring tasks outside of the laboratory may experience high rates of monitoring lapses for three
reasons which have stark parallels to the driving environment. First they are required to use a
continuous vigilancapproach much like operators of driving automation systems. Second, pilots
work in a dynamic environment that cannot fully be controlled. Finally, as the pilots are human
they experience the irresisti bl A&ccordndtio@sner nat u
and Schooler, monitoring lapses are inevitable and while it is unlikely that we will eliminate the
problems associated with long uninterrupted watches, the management of internal and external
distractions may help mitigate these issUdmse lessons should be considered when developing
training protocols for driving automation; we cannot control the driving environment but we can
attempt to minimize distractions in the vehicle and inform drivers of the possibility of mind

wandering drowsinessand potential consequences of monitoring lapses.
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Automation Bias and Complacen®&rivers should be educated about automation bias and
complacency including their tendency to overestimate their ability to pay attention to or respond
to unexpeted eventgCasner & Hutchins, 2019; Onrddset al., 2014)As mentioned previously,
operators sometimes rely on automation as a heuristic replacement for attentive information
seeking and processir(ylosier, Skitka, Burdick, & Heers, 199@nd operators had difficulty
troubleshooting system performance.

Muhrer & Vollrath(2011)foundthatd r i ver s & ma i n tgapwhileemgaged | ar g e
in visual distractioa in a simulated conventional @assisted) car following scenarilikely to
compensate for their impaired perception of the road scene. When driving automation systems are
activehowever, driverso6 have r el i nqguthesabtendition. he co
TheresultsirChapter4d e monstrated -ghptdeaci eassd whimee dr
the driving automation systemand while there was no increase in the likelihood of secondary
task engagement in that study, we consisteatind that dverslookedaway from the road longer
while driving automatiorwasactive compared to whenwasavailable(Chapter 2, 3, and 4.
Furthermorethe research presentedGhapter 3 indicatad that drivers are more likely to engage
in high-risk (visuatmanual) secondary tasks while using their driving automation systems.

Victor et al.(2018)found hat, while systesb ased remi nder s i nfl uenc
road and hands ewheel behavior, prompts or explicit instructions regarding system limitations
and supervision responsibilities were not able to prevent 28% of participants from colliding with
an obstacle in the roadway despite seeing the hazard. This may suggestttbigiants were
overly reliant on the vehicle system due to incorrect expectations of system capabilities. By
training drivers to have appropriate expectations and informing efiéime possibility of bias and

reliance during trainingve ar e providing drivers of realisti
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in the completion of the drivingask and informing them of their role and deficiencies in the same

task.

How training needs to change over time

A decisionmaker relies upon knowledge that is readily available rather than searching for
new information. Consequently, individuals will have a tendency to weigh judgements towards
more recent informationVhen a user has stromagailability bias judgements are fueled by the
easewith which examples come to mind. Thoan pose major barriers to the implementation and
safewidespread use of vehicle automatioAs drivers gain experience using the system and
continueto constructind refine their mental modetbeir needs will change.hE gravth of trust
will depend on theiability to estimate the@ u t o mabehaworsi@ee & Moray, 1992; Muir,

1987) Trust stands between beliefs about the characteristics of the automation and the intention
to rely on the automatiormhereforeit is important to provide users with training over time to
remind them of their role in usj the automated systems and the capabilities and limitations of
the system. Additionally, providing users with information about their performance of the OEDR
subtask and how their driving performance changes over time would be beneficial. The methods
by which we provide users with opportunities to practice, understanding of the capabilities and

limitations of the systems, and their performance over time are described in the following sections.

Opportunities to practice and apply skills
Skills in complextasks, including those with large social componeats usually taught
best by a combination of training procedures involving both whole tasks and components or part
tasks(Anderson, Reder, & Simon, 199&)sing situations that are relevantie tearner provides
an opportunity for learners to engage in reflective thinKirgderal Aviation Administration,

2009; Shor, 1996However, hcorporating a restrictive definition of authenticity in training design
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will result in learning environments that are authentic in a narrow context, thereby reducing the
variability of skills and strategies acquired by the learfiesining should teachrdinees to be
innovative, creative, and adaptable so that they cahwi¢h the demands afomains that are

complex and ilistructured (Federation of Amarican Scientists, 2005; Gee, 2003; Prensky,
2001)The i nclusion of related cases in training
representations of experiences that learners have n@idraabsen, 1999 specially in iHdefined

domains andor nonrecurrent skillgMerrill, 2002; Schwartz, Lin, Brophy, & Bransford, 1999;

van Merriénboer & Kirschner, 2017)

Embedded Training

Embedded training is described as a training program built into systems so operational
equi pment can be switched oveavheniti®notaneeded forai ni n ¢
operational us€Sanders & McCormick, 1993, p. 748trategies mentioned in the previous
section can be incorporated into this type of training to facilitate skill and knowledge acquisition
at an appropriate level and enhance engagement by being appropriately difficult. The training
needs ofiserswill change from their first exposure to the vehicle systems to their one hundredth
exposurgGagné, 1965)In their initial exposurepperatorswill need to be familiarized with the
system interface, purpose, methods of activation and deactivation, and basic systemTsignals
could be done using the vehicle interfam® multimedia methods so that auditory alerts are
consistentas are the placement, size, shape, and color of icons pertinent to the Bliystawver,
withi ncreased exposure to the system, driverbs
(denmonstrated irChapter 2). This motivates the need for feedbagionitoring, and understanding
when to end trainingThese training tools are importaamissions from current consumer

education practices.
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Feedback and monitoring A Pr acti per ma&esd i s ;ahowevennmon
practice is of very little value when the resultsanfaction are unknown or incorrect. Knowledge
of results, or extrinsic feedbadk an important tool in the growth and development of learners
because it providean indication ofdiscrepancy between actual and desired behdRairick,
1992, p. 326) Learning is promoted when learners are guided in theirlgmolsolving by
appropriate feedback mechanismich include error detection and correcti@@agnée, 1965;
Merrill, 2002). Feedback comes not only in the form of coaching, but also from the visual,
auditory, and propriceptive information associated with normal (correct) task execution.
Consequently, Anneftl961)specified the difference between intrinsic feedback, which pertains
to information concerning normal (naraining) task performance, and extrinsic feedbadkch
refers to additional knowledge supplied during trainargl not available during typicaiask
performance.

Extrinsic feedback can be provided in r&ale during task performance or at some point
after task completiofposthoc) Reattime and poshoc feedback for novice driver training has
been shown to improve teen driving safety as welredue the frequency of risky driving
behaviordKlauer et al., 2017; Peeksa, Hamann, Reyes, & McGehee, 20Rgsearch has also
found that ontinuous feedbackromotes more accurate mental models fstem performance
than discrete feedback and is believed to promote more accurate mental models of system limits.
Accurate mental models are expected to prompt proactive driver responses, initiatedrhfigre
automation systemexceedheir limit whereasnaccurate mental models are expectegsalt in
reactive driver responsemitiated dter driving automation systems have exceeded their limits
(Seppelt2009; Seppelt & Lee, 2007)

Personalizedeedback coupled with active practicasalsobeenshown tobe superior to
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passive learning methodstwh no f eedback when assessing ol
intersectiongRomoser, Pollatsek, Fisher, & Williams, 2018)sing realtime feedback for adults

to assist them in learning/uastandingdriving automation systenmmould be a useful technique;
however, additional research is needed on this topic. If it can be determined that driver
performance deficiencies are attributable to a lack of skill or knowledge, then an immediate
training intervention after the first ocaance of the undesired behaviorsitu may help to correct

the behavior. However, if undesirable safegiated performance deficiencies cannot be attributed

to a lack of skill or knowledgehen the solution does not lie in training, but in the appbcadif

salient differential consequeng@oldovici, 1992; Mager & Pipe, 1970pne example is the Tesla
Autosteer system deactivation for nRommpliance with hands onheel warningqTesla Inc.,

2018)

Termination of Training Program. Giving learners complete controlver when they

d

may terminate learning invites overconfidence that als&dlbeeffully mastered | f t he | ear

metric for selfevaluation is heavily dominated by erfoee performancea highly salient
measure, they may terminate their training toars Rersonal, unguided reflection on performance
and understanding is a task people rarely perform(Weliger & Dunning, 1999; Regehr & Eva,
2006) Fitts (1962) advocated that training should be continued beyond a minimum performance
criterion and that skills acquired duringitring should be sufficiently versatile to withstand the
change from a structured training situation to the less predictable application in the real world
Consequentlythe criterion for trainee performance must be carefully definedtamdination of
training bytraineeselection is not recommended.

According toSpitzer (1984)there is an unwritten law that training programs last a certain

number of dayswith lectues of a certain duration and breaks at specified times. This notion
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contributes to the erroneous idea that learning is abiooad event that only occurs in certain
defined time periods. Skills acquired during periods of training need to be sufficiergbtile to
withstand the transition from the organized training context to the less predictable real world
domain. Withmerelyfiacceptable performance, the fragile skill acquisitipnocesswill be easily
disrupted unless further training is provided.

The importance of training drivers is critical to the successful deployment of support
featuresrom low to highlevels of automation. As discussed in this chapter, the high variability
of drivers on our roadways and the competing strengths anditionm$ of currentdriving
automatiorsystems present challenges that transportation safety researchers must address. Given

these challenges, there are several recommendations listed below

Recommendations

1. Training objectives and materials should change as the driving task and the
human operatorés role continues to evo
2. Training the human user should be considered as a key focus in system design
T training programs shud be intentionally evalated.
3. A well-designed driver monitoringystemand providing driver feedbaclare
very important Thesesystemswill becomeimperativeas the driving task
changes.
4. Effective training guidelines and procedures need to be developed.
5. Key dakeholders gecfically legislators must be educatedout driving
automation systenso that lawgertaining to driving automatiazan be derived

from science and facthis will become particularly relevant when it becomes
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time toreviewand adapexisting rules regardg vehicle operatioand driver
training.

Training objectives and materials should be dynamic and flexible as driving automation
systems continue to develop, new data become available, and the driving task continues to change.
For example, new traininergui r ement s coul d arise from a dt
familiarity) with particular systems or software updates.

Second, onsiderations for the training of system users should be included as a key point
in the design cycle of these new systenmaining programs should be subgdto the proper
evaluation and assessment to ensure that learning outcomes are achieved and no unintended
consequences are introduced by the program.

Third, in-vehicle driver monitoring systems may be an important ogtioconsider for
driving automation system training and real time feedb@ealmpbell et al(2018)discusedthe
use of driver monitoring systems to avoid-oftthe-loop problems. SalinggR018)discussed a
driver monitoring system which presented mul't
retum focus back to the control or monitoring loop. The National Transportation Safety Board
(2017, 2020has recommended implementing driver monitoring systelisat moni t or t he
attention to the roadwanather thartheir inputs to other vehicle control$o provide an adequate
safeguard against driver inattention and complacency

Fourth, taffic sdety professionals need to develop effective training guidelines and
procedures fordriving automationsystems. Currently, the California Department of Motor
Vehicles requirespecifictraining programs for drivers whest highly automated systems (SAE
Level 3 and above)ropublicroads, whichincludes: familiarization with the automated driving

system technologybasic technical training regarding the system concept, capabilities, and
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limitations, ride-along demonstrations by an experienced test draner subsequent behiritle-
wheel training(Nowakowski, Shladover, Chan, & Tan, 2018erhaps another worthwhile
endeavor in the neéarm would be to add some measure of advanced vehicle system components
to future iterations of the basic knowledge test for the standard licensing requjreméat to
what was implemented in at least twenty states and the District of Columbia fortdbtlaving
as of 2013Governors Highway Safety Association, 2013)

Finally, legislative action amending statutory and regulatory defininbapplicable terms
(e.g. driver, vehicle, etc.) as well asviewing and adapting existingles regarding vehicle
operation maye a persistent challengetil policymakers ee well versed in the subject matter.
Educating all entities on the need for acceptance and implementation of these universal terms and
definitions will be an implementatiochallenge (American Association of Motor Vehicle
Administrators, 2018)This is one reason witommunication between researchers and legislators
must be clear and concise so flrathe event legislation is requirgtlis based on science and not
on other implicit or explicit biases. Furthermore, all key stakeholders are encouraged to
communicag with one another on the most effective ways to train novice and experienced drivers
on driving automationsystems. Educational materials that are developed should benprove

effective and able to be understood by the general motoring public.
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Chapter 6. Conclusions

Summary of Findings

A primaryf ocus of this dissertation is wunder st
Event Detection Response (OEDR) subtask while assisted by driving automation systems by
assessing their observable behavidrseries of studiesere completedvhich assessed) how
drivers training and experience influences knowledge, behavior, and attitudes toward driving
automation systems; 2) a yearlong observational study of driver behavior with driving assistance
systems in their personathicles; and 3) examining drivingehavioral change with unfamiliar
driving automation systems over time.

The results of this dissertation indicate tladthoughdriving automation systems are
becoming more common in the vehicle fleet, consumers are not being appropriately eolucated
how to use them. While rudimentary tasks such as system activation and deactaration
sufficientyaddr essed in the operatordés manual, intel
(Abraham, Reimer, et al.,, 2017)nsufficient emphasis iseing pl aced on t he d
responsibility to monitor the road seerand their role in responding twazards.Dr i ver s 0
expectations of the capabilities of driving automation systems vary widely and are largely
influenced by naming scheme, marketing, gmelvious experience(Abraham, Seppelt, et al.,

2017; Seppeltetal.,,2018vhi I e i1t i s i mportant to respect t
individuality, it is even more important to appropriately inform the consuabeut their
responsibility a stewards of the road and the limitations of the technologies in their vehicles.

The research presented@mapter 2 indicated that the mode of training elicited limited
knowledge, performance, and attitude differences. Thicates thatbeyond the modef

presentation, other issues associated with consumer eduoatictenature of the material being
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presented as well dlse consolidationof this information Participants spent an averagel@{85
minutes(SD=3.83 minutesjeviewing the training content before driving the test vehicle. The
primary contributor to attitude and performance differences was exposure to the driving
automation systemgor better or for worseAfter gaining experience using the systearticipans
indicated that they were more familiar with the driving automation systems, howesemere

not monitoring the forward roadway with the sapeglustrationas they were at the onset of the
study. Thisprovidesa basis for the hypothestbat with increased exposuri@ the absence of
adverse eventsomes decreased environmental monitoring.

The research presentedGhapter 3 focused ordriver use and performance of the OEDR
subtask This was motivated by the changes in environmental monitoring arehged perceived
familiarity demonstrated i€hapter 2. Driversin Chapter 3 wereusing their own vehicles on
public roadwayswhich introduces mangew factors that were not accounted fortlre research
presented irChapter 2. The resultof the researclpresented irfChapter 3 showedthat drivers
usal their driving automatiosystems in anticipateghvironments; ottongertrips, higher speed
roadways, and roads that are controlled access. However, it was alsthfaoiversgended to
look away from he roadway longer whedriving automatiorsystems were activeompared to
when theywere available but not activAdditionally, driver engagement in higiisk secondary
tasks such asellphone browsingverenoted to be higher for drivers usidgiving automation
versus when the systems were available but not adtiue.indicates that on public roads drivers
in their personal vehicleare willing to perform secondary tasks more often while systems are
active compared to when they are inactive but albéel Therefore, drivers atess ableto
complete the OEDR sutask sufficiently because they are not looking at the road scemeich

It is important to attempt to identify when this behavioral shift occurs, winotivatedthe

139



researclpresented itChapter 4.

The research inrChapter 4 assessed driver behavioral adaptation with the driving
automation systems. The results of #tisdy demonstrate longitudinal control tasks such as time
gap change with increased exposure to driving automation syswWimte therewere no
statistically significant differences were observed for eye glance measures ovex fivssible
trend emerged, in whictme duration of off road glances increased with greater L2 exposhee
discrepancies between the eye glance tegquksented ilChapter 3 and Chapter 4 offer an
interesting perspective on driver behavioral adaptation. In partithiar indicate that perhaps a
longer observation period than what was attained from the data preseQtedpier 4 may be
required toobservea significant change in driver glance behavior as a function of L2 exposure

when compared to unassisted exposure.

Challenges and Conclusions

The true challenges that accompanyriass deployment of driving automatisystems
lie in themodification of the driving taskWe are changing the roles and responsibilities of driving
from a processvhere the system supports themandriver to aprocesswhere the driver supports
the system. Given this change in the driving taskjineersvill not be ableto design their way to
safetyby the traditional means of usability and clear operating instructWhge having intuitive
and understandabldMI is crucial to the success of driving automation systenesmust also
work to ensure thadffective trainirg is made availabléor all usersStakeholderdrom all parts of
the transportation systeneed to work together on this issue doiving automatiorto deliveron
it promises and ensure consumer awareness of the capabilities and limitations of these syst
The idea of rdraining and recertification is not uncommon in aviation and commercial

surface transportation applicatio(s.g., trucking) however in passenger vehiclesnce you

140



receive your license there is noealeeck on skills and knowledgitermittent examination, bie
informal rechecks on driving automation system capabilities and limitagsnaell as human
factors issues such as automation bias and complaaendg be beneficialThe resultsof this

and future research could bheedby vehicle manufacturers, system designers, and automotive
dealerships to design training materiatsd technologies with the goal of better informing the

motoring public of system capabilities and operator responsibilities.

Practical Implications

The findings of this dissertation research contribute to the larger body of work by
identifying shortcomings of driver performance in the driving task while aided by driving
automation systems through multiple methadsluding test track research and natistad data
collection. This research has indicated that training drivers to pay attention to the roadway while
using driving automation is a critical component of the driving task but is often under emphasized
in current training materials. It is importaotdevelop and implement training guidelines (such as
those presented iGhapter 5) t hat emphasi ze the driversd ro
driving automation is active. Driver training will remairucialto the successful deployment of
driver support featuresacross all level®f driving automation.Thehigh v ar i abi |l ity of
willingness to trust automatioand their motivations for using these systems, coupled thi¢h
strengths and limitations of curraitiving automatiorfeaturespresena multitude of challenges

that transportation safety researcheilshave to address for years to came
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Future Research

Researcihumanautomation interaction in surface transportatiame identified keyopics
for initial training at the time ofehicle purchase and for early exposure to automated s/stem
However, there is a limited body of work that existsdoiwer behavior withvehicle automation
over time and what does exthbes not assess driver behavior using naturalistic methods. Many
studies involve short, controlled, experimental sessi@eggiato, Pereira, Petzoldt, & Krems,
2015; Pereira, Beggiato, & Petzoldt, 2015; Piccinini, 2014; C. M. RBdiwn & Parker, 2004;
Vollrath, Schleicher, & Gelau, 2011)he key limitation of prior work that is addressed by this
dissertation is the asssment of how drivers behave while using driving automation over time
during their day to day driving whether in their personal vehicles or a leased vehicle.

There is no shortage of future research in the area of behavioral adaptation with driving
automation systems. Any time humans are given a new technology they inevitably find a way to
exploit it to suit their own @eds for better or for worsA. limited sample of the possibilities for
future research idriver behavior withdvel 2 systemmcludes:1) the development and evaluation
of future training and consumer education programs for driving automation sysk@ms
longitudinal studies of driver performance and attitudes toward driving automation systems
deliberate sampling of familigy, trust, and other important constructs; andi)assessment of
thesecondary tastype and the amount of time spent completing the task dimlimg automation
systems activeompared to when they amgactive Research in the area of driver traigiand
behavior with automation should continue for as long as the human is expected to have any role in

the driving task in order to supp@tcurate mental model development andtrus
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Appendix A. Driver Training for Automated Ve hicle Technology
Training Topics

Tesla Content

Header Sub-Header Description
About Driver Lists types of features
Driver Assistance Features yp
Assistance Driver Assistance Lists components used to actively monitor th
Features Components roadwayenvironment
o Factors that can influence the performance
Limitations . )
driver assistance components.
, The functional purpose of traffic aware cruis
Overview ) ; .
control and the operational design domain.
Operating TACC Instructions for operation (activation
Adjust Following Instructions for adjusting the following
Distance distance

i Changing Set Speed | Instructions for adjusting the set speed
Traffic-Aware

Cruise Control | Canceling/Resuming

Instructions for canceling/resuming adaptive
cruise control

Summary of Cruise
Indicators
Situations where
TACC may not be

Summary of icons on the instrument panel

Situations where Traffidware Cruise Contro

available may not operate as intended
Warnings and y P '
Limitations

Overview The functional purpose of Autosteer

OperatingAutosteer | How to activate Autosteer and change settin
Functional limitation based on road
environment

Restricted Speed
Hold the Steering

Warning/alert

Autosteer Wheel
Take Qver Warning/alert
Immediately
Canceling Autosteer | How to cancel Autosteer
Warnings and Situations where Autosteer may not operate
Limitations intended.

Excluded Content
Specific automated features were excluded fromrdiring material due to system or
test track constraintsThe sections that were removed are listed below with the justification for

their removal:
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Cruising at the speed limit(Autosteer). The Smart Road is a controlled access facility
and therefore does not have a uniformly applied speed limit. After the 2016 fatal Tesla crash in
Williston, FL software updates in version 8.1 limit the speed top of Autosteer to 45 mph on roads
where the spad limit cannot be detected.

Overtake acceleration(Autosteer). Participants will not be overtaking other vehicles in
this study. This feature is outside of the performance specifications of a standard adaptive cruise
control design and will not be coef in either training protocol.

Additional automated features available as part of the Autopilot 8.1 software package
such as automatic lane change were disabled and not covered during the training protocol to
prevent unintentional lane changes duringakgerimental session.

Automatic emergency braking and forward collision warning were not covered during the

training session, however, the research team left these systems active as a safety measure.
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Appendix B. Chapter 2: Driver Training for Autom ated Vehicle Technology
Informed Consent

VIRGINIA POLYTECHNIC INSTITUTE AND STATE UNIVERSITY

Informed Consent for Participants of Investigative Projects
Title of Project: UTC Training [Driver Training for Automated Vehicle Technology]
Investigators: Charlie Klauer, Alexandria Noble, Gayatri Ankem
I. THE PURPOSE OF THIS RESEARCH PROJECT

There are few types of training available to help people understand the technology inside their
car. Automated vehicles are becoming widely available and it is important that drivers can use
them safely and appropriately. This project will look at how training effects user knowledge and
control of automated systems.

We are asking you to help us with this study. If you choose to participate, you will be asked to
complete a training module and drive an automated vehicle on our test track. The results of this
study will be used to develop guidelines for future training.

II. PROCEDURES

During the course of this experiment, you will be asked to perform the following tasks:

1) Read this Informed Consent Form and sign it if you agree to participate.

2) Complete a W-9 form.

3) Show your valid driver’s license.

4) Complete a vision and hearing test.

5) Complete questionnaires throughout the study.

6) Complete an in-vehicle training module on automated vehicle technology.

7) After completion of the training modules, we will proceed to the test track. The
experimenter will be in the car with you the entire time you are on the test track.

8) While the car is parked on the test track, the experimenter will show you how to perform
different in-vehicle tasks (e.g., change the radio station, send a text using a VTTI phone,
locate an item in the vehicle).

9) Then you will be asked to drive 8 laps on the road while performing the different tasks as
instructed by the experimenter.

10) Then the researcher will ask you some questions about your experience.

11) The maximum speed limit will be 45 miles per hour.

12) Other vehicles driven by VTTI researchers will be on the Smart Road to simulate real
traffic conditions.

13) You will be asked not to wear sunglasses or eye glasses with photochromic lenses unless
absolutely necessary. If you are suffering from glare and cannot see the roadway, please
let the experimenter know.

14) While you are in the vehicle, digital video will be recorded, including your face.
Continuous audio will also be recorded.

It is important for you to understand that we are not evaluating you or your performance in any
way. You are helping us to evaluate the effectiveness of a new training module for automated

Virginia Tech Institutionz
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vehicle systems. The opinions you have will help us determine appropriate guidelines for new
training protocols. The information and feedback that you provide is very important to this
project. Today’s total experiment time last up to 2 and a half hours.

II1. RISKS
There are risks or discomforts which you may experience while volunteering for this research.
They may include the following:

1. The risk of an accident normally present while driving an unfamiliar vehicle on a closed-
course test track with medium traffic, during dry/clear weather conditions at maximum
speeds of 45 mph.

2. Possible fatigue due to the length of the experiment. However, you may take breaks if
necessary.

3. The additional risk of an accident that might occur while performing secondary tasks
while driving.

While the risk of participation in this study is considered to be no more than that encountered in
everyday driving, if you are pregnant you should talk to your physician and discuss this
information sheet with them before making a decision about participation.

Please be aware that events such as equipment failure, changes in the test track, stray or wild

animals entering the road, and weather changes may require you to respond accordingly. If at
any point in the session the experimenter believes that continuing the session would endanger
you or the equipment, he/she will stop the testing.

In the event of an accident or injury in an automobile owned or leased by Virginia Tech, the
automobile liability coverage for property damage and personal injury is provided. The total
policy amount per occurrence is $2,000,000. This coverage (unless the other party was at fault,
which would mean all expense would go to the insurer of the other party's vehicle) would apply
in case of an accident for all volunteers and would cover medical expenses up to the policy
limit. For example, if you were injured in an automobile owned or leased by Virginia Tech, the
cost of transportation to the hospital emergency room would be covered by this policy.

Participants in a study are considered volunteers, regardless of whether they receive
compensation for their participation; under Commonwealth of Virginia law, worker's
compensation does not apply to volunteers; therefore, if not in the automobile, the participants
are responsible for their own medical insurance for bodily injury. Appropriate health insurance is
strongly recommended to cover these types of expenses. For example, if you were injured
outside of the automobile owned or leased by Virginia Tech, the cost of transportation to the
hospital emergency room would be covered by your insurance.

The following precautions will be taken to ensure minimal risk to you:
1. An experimenter will be with you at all times to monitor your driving and will ask you to
stop if he/she feels the risks are too great to continue.
2. You may take breaks or decide not to participate at any time.
3. You will be required to maintain a specific speed for each given task. The experimenter
will inform you of the speed before each task is performed. The maximum speed limit on
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the road for this study will be 45 miles per hour. The testing will take place on a closed,
controlled test track.

4. The experimenter will be present while you are driving. As long as you are driving the
research vehicle, it remains your responsibility to drive in a safe and legal manner.

5. You will be required to wear your lap and shoulder belt restraint system while in the car.
The vehicle is equipped with a driver’s side and passenger’s side airbag supplemental
restraint system, fire extinguisher, and first aid kit. The experimenter will also have a cell
phone.

6. All data collection equipment is mounted such that, to the greatest extent possible, it does
not pose a hazard to you in any foreseeable case.

7. The experimenter will end the experiment if inclement weather occurs. This includes any
weather that results in the use of the windshield wipers, wet or icy road surfaces, and
reduced visibility due to fog.

8. The other drivers on the road are trained VTTI experimenters.

9. All secondary tasks will occur on the straight section of the test track and will not take
place on bridges.

10. Driving is the primary task and you should only perform secondary tasks when it is safe
to do so.

11. You do not have any medical condition that would put you at a greater risk, including but
not restricted to history of neck/spine injury, epilepsy, balance disorders, lingering effects
of head injuries and stroke, and advanced osteoporosis.

12. In the event of a medical emergency, or at your request, VTTI staff will arrange medical
transportation to a nearby hospital emergency room. You may elect to undergo
examination by medical personnel in the emergency room.

IV. BENEFITS

While there are no direct benefits to you from this research, you may find the experiment
interesting. No promise or guarantee of benefits is made to encourage you to participate.
Participation in this study will contribute to the improvement of future training practices for
autonomous vehicle systems.

V. EXTENT OF ANONYMITY AND CONFIDENTIALITY

The data gathered in this experiment will be treated with confidentiality. Shortly after
participation, your name will be separated from your data. A coding scheme will be employed to
identify the data by participant number only (e.g., Participant No. 1).

It is possible the Virginia Tech Institutional Review Board (IRB) may view this study’s collected
data for auditing purposes. The IRB is responsible for the oversight of the protection of human
subjects involved in research.

Data collected by this project will be uploaded and archived in a Safe-D UTC data repository
maintained by Virginia Tech Transportation Institute. A dataset may also be made publicly
available. The public dataset will be de-identified and will not contain any information that
might lead to the identification of an individual participant.

Virginia Tech Insti
Approv

ject No. 18-011 3
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Data collected during this research project, including video and audio data, will be made
available to external researchers. Data availability will be governed by a data sharing
agreement. At no time will the researchers release data identifiable to you or the digital video of
your image to anyone that has not agreed to abide by a data sharing agreement including IRB
approval. The data collected will be retained indefinitely. Also, video and audio data that may
identify you may be shown by VTTI staff, but not released, for research or reporting purposes
such as presentations.

VI. COMPENSATION

You will be compensated at the rate of $30 per hour, rounded to the nearest ¥2 hour. If the
session ends early for any reason, you will be compensated for the amount of time you
participated. Compensation for full participation will be $75. All compensation will be issued
using a pre-loaded MasterCard. Please allow up to 1 full business day for activation of the card.
Once activated, this card cannot be used past its expiration date. The issuing bank will begin
deducting a monthly service fee of $4.50 after three months of inactivity. Expected participation
time will be for one visit, lasting approximately two and a half hours.

If compensation is in excess of $600.00 dollars in any one calendar year, then by law, Virginia
Tech is required to file Form 1099 with the IRS. For any amount less than $600.00, it is up to
you as the participant to report any additional income as Virginia Tech will not file Form 1099
with the IRS.

Also, you will be asked to provide researchers with your social security number or Virginia Tech
I.D. number for the purposes of being compensated for your participation. For tax recording
purposes, the fiscal and accounting services office at Virginia Tech (also known as the
Controller’s Office) requires that all participants provide their social security number or Virginia
Tech I.D. number to receive compensation for participation in our studies.

VIIL. FREEDOM TO WITHDRAW

As a participant in this research, you are free to withdraw at any time without penalty. If you
choose to withdraw, you will be compensated for the portion of time of the study for which you
participated. Furthermore, you are free not to answer any question or respond to experimental
situations without penalty. If you choose to withdraw during the study session, please inform the
experimenter of this decision and he/she will drive you back to the building.

VIII. APPROVAL OF RESEARCH

This research project has been approved, as required, by the Institutional Review Board for
Research Involving Human Subjects at Virginia Polytechnic Institute and State University. This
form is valid for the period listed at the bottom of the page.

IX. PARTICIPANT’S RESPONSIBILITIES

If you voluntarily agree to participate in this study, you will have the following responsibilities:

Virginia Tech Insti >t No. 18-011 4

Approved January 31, 2018 to J
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To follow the experimental procedures as well as you can.

To inform the experimenter if you have difficulties of any type.

To wear your seat belt while operating the vehicle.

To abstain from any substances that will impair your ability to drive.

To adhere to the 45 mph speed limit on the test track, and maintain safe operation of the

vehicle at all times.

o

To treat the driving task as the primary task and perform other tasks only when it is safe

to do so.

Check all that apply:

oo 0O

O

I am not under the influence of any substances or taking any medications that may
impair my ability to participate safely in this experiment.

I am in good health and not aware of any health conditions that would increase my
risk including, but not limited to lingering effects of a heart condition.

I have informed the experimenter of any concerns/questions I have about this study.
I understand that digital video including my image will be collected as part of this
experiment.

If I am pregnant, I acknowledge that I have either discussed my participation with my
physician, or that I accept any additional risks due to pregnancy.

XI. PARTICIPANT’S PERMISSION

I have read and understand the Informed Consent and conditions of this project. I have had all
my questions answered. I hereby acknowledge the above and give my voluntary consent for
participation in this project. If I participate, I may withdraw at any time without penalty. I
agree to abide by the rules of this project.

Participant’s name (Print) Signature Date

Researcher’s name (Print) Signature Date

Should I have any questions about this research or its conduct, I may contact:
Dr. Charlie Klauer 540-231-1564 cklauer@vtti.vt.edu
Alexandria Noble anoble @vtti.vt.edu

Should you have any questions or concerns about the study's conduct or your rights as a research
subject, or need to report a research-related injury or event, you may contact:

Virginia Tech Institutional Review Board for the Protection of Human Subjects

Telephone: (540) 231-3732; Email: irb@vt.edu

Virginia Tech Institutiona
Approved January

o

31, 2018 to Jan
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Appendix C. Driver Training for Automated Vehicle Technology
Trust Questionnaire

1. 1 would rely on vehicle automation to function properly while I am doing something else.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

2. | would rely on vehicle automation to provide alerts when needed.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

3. Vehicle automation gives false alerts.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

4. Vehicle automations is dependable.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

5. | am familiar with vehicle automation.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

6. | trust vehicle automation.

1 2 3 4 5 6 7
Strongly No Strongly
Disagree Opinion Agree

Administered: Pre-Training, Post-Training, and PostDrive

164



Appendix D. Chapter 2: Knowledge Questionnaire

1. Please select all roadway environments where it would be appropriateAdastese Cruise
Control (ACC, TACC).

(J pivided highways and roadways (J Gravel Roads

O Carpool/HOV Lanes O Parking lots

(J Roundabouts and traffic circles (J Local roads and streets
(J Toll roads (J Residential streets

2. Please select all situations whergvauld be appropriate to use Lane Keeping Assist (LKA,

Autosteer).
D Divided highways and roadways D Gravel Roads
O Carpool/HOV Lanes O Parking lots
(J Roundabouts and traffic circles (J Local roads and streets
(J Toll roads (J Residential streets

Please select all situations from the following where Adaptive Cruise Control (ACC, TACC)

may not work as expected.

D Extremely hot or cold temperatures D Straight roads

D Clear sunny days D Roads with poor lane markings
O Dusk and dawn O Roads with no lane markings
D Heavy rain or snow D Roads with clearly visible lane
(J Poor tire traction markings

(J sensors are obstructed J work Zones

O Windy road O Toll plazas
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3. Please select all situations from the following where Lane Keep Assist (LKA, Autosteer) may

notwork as expected.

D Extremely hot or cold temperatures D Straight roads

O Clear sunny days O Roads with poor lane markings
(J busk and dawn (J Roads with no lane markings
O Heavy rain or snow J Roads ith clearly visible lane
(J Poor tire traction markings

(J sensors are obstructed (J work Zones

C] Windy road D Toll plazas

4. What sensor(s) is/are used by Adaptive Cruise Control (ACC, TACC)? Select all that apply.
D Forward Looking Camera

D Forward Looking Radar
(3 ultra Sonic Sensors

Joeps

D Rearview camera

5. What sensor(s) is/are used by Lane Keeping Assist (LKA, Autosteer)? Select all that apply.

D Forward Looking Camera
D Forward Looking Radar
(J uttra Sonic Sensors

Jeps

D Rearview camera

Administered: Post-Training and Post-Drive
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Appendix E. Attitudes toward Training Regression

Research Question Source DF SS MS FValue | Pr>F

Age Group 1 0.225 0.225 0.43 0.5169

Q60. Objectives clearly| Training 1 0.025 0.025 0.05 0.8285

defined Age Group x Training 1 0.625 0.625 1.19 0.2825
Error 36 18.9 0.53

L Age Group 1 1.225 1.225 1.72 0.1985

2 - PR e and i aining - 1| 0225 | 0225 | 032 | 0578

encouraged Age Group x Training 1 0.625 0.625 0.88 0.3557
Error 36 25.7 0.71

. Age Group 1 | 1.225 1.225 1.35 0.2532

vaSrZé rTecl’g\'/‘fn‘t:i’(‘)’%‘zd Training 1 | 0025 | 0025 | 003 | 0.8692

Age Group x Training 1 2.025 2.025 2.23 0.1441
Error 36 32.7 0.91

Age Group 1 0.625 0.625 0.63 0.4337

erg?;h gggtggg";‘:@”ﬁo" Training - 1 | 0025 | 0025 | 003 | 0.8751

follow. Age Group x Training 1 0.225 0.225 0.23 0.6377
Error 36 35.9 1.00

: Age Group 1 0.225 0.225 0.15 0.699

%??EaiT:iﬁg“vmvzsa”Otted Training - 1 | 1225 | 1225 | 083 | 0.3691

. Age Group x Training 1 0.025 0.025 0.02 0.8973
Error 36 53.3 1.48

Q64- The training Age Group 1 0.030 0.030 0.04 0.851

experience was useful | Training 1 0.203 0.203 0.24 0.6268

in operating the vehicle| Age Group x Training 1 0.019 0.019 0.02 0.8808
automation. Error 35 29.49 0.84

Q91- Do you feel the | Age Group 1 1.225 1.225 1.15 0.2904

training adequately Training 1 1.225 1.225 1.15 0.2904

prepared you for Age Group x Training 1 1.225 1.225 1.15 0.2904
operating the vehicle? | Error 36 38.30 1.06
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Appendix F. Trust Scale IRRs

Trust Scale IRR - Pre Training

The CORR Procedure

Simple Statistics

Variable | N |Mean | Std Dev| Sum |Min. | Max. | Label | | Cronbach Coefficient Alpha
Q1 40| 3.28 | 1.65 |131.00 1.00| 7.00| Q1 | |Variables Alpha
Q2 40| 4.80| 1.74 |192.00 1.00| 7.00| Q2 | |Raw 0.545
03 40| 3.58 | 1.01 [143.00 1.00| 6.00| Q3 | |Standardized 0.475
Q4 40| 4.58 1.01 |183.00 3.00| 6.00| Q4
Q5 40| 3.43 1.58 |137.00 1.00| 6.00| Q5
Q6 40| 4.10 1.34 |164.00 1.00| 6.00| Q6
Cronbach Coefficient Alpha with DeletedVariable
Raw Variables | StandardizedVariables
Deleted Correlation Correlation Label
Variabl
arable | with Total |APMA | with Total | AlPNA
Q1 0532 |0.355| 0.505 0271 | Q1
Q2 0.342 0.473 0.309 0.390 | Q2
Q3 -0.339 0.686 -0.382 0.708 | Q3
Q4 0.326 0.494 0.282 0.405 | Q4
Q5 0.299 0.495 0.339 0.373 | Q5
Q6 0.595 0.352 0.591 0.214 | Q6
Pearson Correlation Coefficients, N = 40 Prob > |r| under HO: Rho=0
Ql Q2 Q3 Q4 Q5 Q6
1 1.000 0.546 -0.097 0.241 0.180 0.406
Q 0.000 0.550 0.133 0.266 0.009
02 0.546 1.000 -0.137 0.082 0.004 0.339
0.000 0.399 0.617 0.982 0.032
03 -0.097 -0.137 1.000 -0.534 -0.125 -0.405
0.550 0.399 0.000 0.443 0.010
04 0.241 0.082 -0.534 1.000 0.356 0.622
0.133 0.617 0.000 0.024 <.0001
05 0.180 0.004 -0.125 0.356 1.000 0.489
0.266 0.982 0.443 0.024 0.001
06 0.406 0.339 -0.405 0.622 0.489 1.000
0.009 0.032 0.010 <.0001 0.001
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Trust Scale IRR - Post Training

The CORR Procedure

Simple Statistics
: - Cronbach Coefficient Alpha
Variable | N | Mean | Std Dev| Sum | Min. | Max. | Label
Variables Alpha
Q1 40| 3.18 | 1.52 |127.00 1.00| 7.00| Q1
Raw 0.473
Q2 40| 5.03 | 1.39 |201.00 1.00| 7.00| Q2
Standardized 0.467
Q3 40| 4.13 | 1.09 |165.00 1.00| 7.00| Q3
Q4 40| 4.48 | 0.85 |[179.00 3.00| 6.00| Q4
Q5 40| 3.48 | 1.36 |139.00 1.00| 5.00| Q5
Q6 40| 4.15| 1.33 |166.00 1.00| 7.00| Q6
Cronbach Coefficient Alpha with DeletedVariable
Raw Variables | StandardizedVariables
Deleted Correlation Correlation Label
Variable
with Total Alpha with Total Alpha
Q1 0.335 0.364 0.326 0.369 | Q1
Q2 0.263 0.413 0.245 0.415 | Q2
Q3 -0.252 0.628 -0.252 0.652 | Q3
Q4 0.450 0.359 0.437 0.301 | Q4
Q5 0.193 0.454 0.185 0.448 | Q5
Q6 0.559 0.221 0.604 0.190 | Q6
Pearson Correlation Coefficients, N =40  Prob > |r] under HO: Rho=0
Ql Q2 Q3 Q4 Q5 Q6
1 1.000 | 0.339 | -0.169 | 0.273 | 0.145 | 0.279
Q 0.032 | 0.299 | 0.089 | 0.371 | 0.082
Q2 0.339 | 1.000 | -0.358 | 0.295 | -0.020 | 0.415
0.032 0.023 | 0.064 | 0.902 | 0.008
03 -0.169 | -0.358 | 1.000 | -0.177 | 0.097 | -0.208
0.299 | 0.023 0.275 | 0.550 | 0.199
04 0.273 | 0.295 | -0.177 | 1.000 | 0.022 | 0.708
0.089 | 0.064 | 0.275 0.894 | <.0001
05 0.145 | -0.020 | 0.097 | 0.022 | 1.000 | 0.272
0.371 | 0.902 | 0.550 | 0.894 0.090
06 0.279 | 0.415 | -0.208 | 0.708 | 0.272 | 1.000
0.082 | 0.008 | 0.199 | <.0001| 0.090
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Trust Scale IRR - Post Drive

The CORR Procedure

Simple Statistics

Cronbach Coefficient Alpha

Variable | N | Mean | Std Dev| Sum |Min. | Max. | Label
Variables Alpha
Q1 40| 4.43 | 1.60 |177.00 1.00| 6.00| Q1 Raw 0.706
Q2 40| 5.30 | 1.24 |212.00 2.00| 7.00| Q2 Standardized 0.705
Q3 40| 3.70 | 1.07 |148.00 1.00| 6.00| Q3
Q4 401 495 | 1.08 |198.00 2.00| 7.00| Q4
Q5 401 495 | 1.01 |198.00 2.00| 7.00| Q5
Q6 40| 4.75| 1.15 |190.00 1.00| 7.00| Q6
Cronbach Coefficient Alpha with DeletedVariable
Raw Variables Standardized
Deleted Variables
) . - Labels
Variables qurelatlon Alpha qurelatlon Alpha
with Total with Total
Q1 0.455 0.671 0.448 0.662| Q1
Q2 0.582 0.618 0.584 0.618| Q2
Q3 -0.182 0.816 -0.162 0.828| Q3
Q4 0.670 0.599 0.649 0.595| Q4
Q5 0.457 0.664 0.465 0.657| Q5
Q6 0.812 0.545 0.796 0.542| Q6
Pearson Correlation Coefficients, N =40  Prob > |r] under HO: Rho=0
Q1 Q3 Q4 Q5 Q6
01 1.000 | 0.359 | -0.269 | 0.500 | 0.267 | 0.603
0.023 | 0.093 | 0.001 | 0.096 | <.0001
Q2 0.359 | 1.000 | -0.124 | 0.600 | 0.318 | 0.681
0.023 0.447 | <.0001| 0.046 | <.0001
03 -0.269 | -0.124 | 1.000 | -0.146 | 0.105 | -0.188
0.093 | 0.447 0.368 | 0.521 | 0.245
04 0.500 | 0.600 | -0.146 | 1.000 | 0.301 | 0.751
0.001 | <.0001| 0.368 0.059 | <.0001
5 0.267 | 0.318 | 0.105 | 0.301 | 1.000 | 0.518
0.096 | 0.046 | 0.521 | 0.059 0.001
06 0.603 | 0.681 | -0.188 | 0.751 | 0.518 | 1.000
<.0001| <.0001| 0.245 | <.0001| 0.001
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Appendix G. A Naturalistic Evaluation of Driver Behavior Using Driving
Automation Systems- IRB Approval 1 Original D ata Collection

VIRGINIA OfMce of Ressarch Compllancs

TECH Institutional Review Board
Morin End Cender, Sute 4120
300 Tumer Strast NW

Blacksburg, Viginia 24051
S40231-3732 Fax 5400231-0953
emall bbvt edu

websie hitp: s, vt edu

MEMORANDUM

DATE: July 6, 2018

TO: Michael Mollenhauer, Alexandria Marne Noble, Melissa Hulse, Zachary Richard
Doerzaph, Pamela Marie Murmay-Tuite, Charlie Klauer, Kevin Patrick Heaslip I,
Tom Dingus, Nicholas Normis Britten, Marty Miller, et_ al.

FROM: Virginia Tech Institutional Review Board (FWADDDDDS72, expires January 29,
2021)

PROTOCOL TITLE: VTTI- VCC L2 Maturalistic Driving Study

IRE HUMBER: 16-309

Effective July 3, 2018, the Virginia Tech Institution Review Board (IRB) approved the Amendment
request for the above-mentioned rezearch protocol.

This approval provides permission to begin the human subject activities outfined in the IRB-approved
protocol and supporting documents.

Plans to deviate from the approved protocol andfor supporting documents must be submitted to the
IRB az an amendment request and approved by the IRB prior to the implementation of any changes,
regardless of how minor, except where necessary to eliminate apparent immediate hazards o the
subjects. Report within 5 business days to the IRB any injuries or other unanficipated or adverse
events involving risks or hams to human research subjects or others.

All investigators (listed above) are required to comply with the researcher requirements outlined at
hitpffwww.irb. vt edwipages/responsibilities . htm
(Please review responsibiliies before the commencement of your rezearch.)

PROTOCOL INFORMATION:

Approved As: Full Review
Protocol Approval Date: April 9, 2018
Protocol Expiration Date: April 8, 2019

Continuing Review Due Date*: March 25, 2019

FEDERALLY FUNDED RESEARCH REQUIREMENTS:

Per federal regulatiocns, 45 CFR 46.103(f), the IRB = required to compare all federally funded grant

alsfwork statements to the IRB protocol(s) which cover the human research activities included
in the proposal / work statement before funds are released. Note that thiz requirement does not apply
to Exempt and Interim IRB protocols, or grants for which VT is not the primary awardee.

The table on the following page indicates whether grant proposals are related to this IRB protocol, and
which of the listed proposzals, if any, have been compared to this IRB protocol, if required.

lnvent the Fulure

¥IRGINIA FOLYTECHNICD INSTITUTE AHND STATE UNIVERSITY
An aqual apportunity, affirmative schion instituficn
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Appendix H. A Naturalistic Evaluation of Driver Behavior Using Driving
Automation Systems- IRB Approval Datamining

VIRGINIA OfMce of Ressarch Compllancs

TECH Institutional Review Board
Morin End Cender, Sute 4120
300 Tumer Strast NW
Blacksburg, Vinginia 24061
SA231-3732 Fax S400231-0959
emall ibdvtedu
websihe hitp: eI, vt edu

MEMORANDUM

DATE: January 11, 2019

TO: Charlie Klauer, Gayatri Ankem, Stephanie Ann Baker, Peter Allen Baynes, Youjia
Fang, Feng Guo, Julie A McClafferty, Miguel A Perez, Jessica Renee Rardin,
Alexandria Marie Noble, et. al.

FROM: Virginia Tech Institutional Review Board (FWaADDDDDST72, expires January 29,
2021)

PROTOCOL TITLE: Drata mining of VCCS0 study

IRE HUMBER: 171026

Effective January 10, 2019, the Virginia Tech Institution Review Board (IRB) approved the Amendment
request for the above-mentioned rezearch protocol.

This approval provides permission to begin the human subject activities outfined in the IRB-approved
protocol and supporting documents.

Plans to deviate from the approved protocol andfor supporting documents must be submitted to the
IRB az an amendment request and approved by the IRB prior to the implementation of any changes,
regardless of how minor, except where necessary to eliminate apparent immediate hazards o the
subjects. Report within 5 business days to the IRB any injuries or other unanficipated or adverse
events involving risks or hams to human research subjects or others.

All investigators (listed above) are required to comply with the researcher requirements outlined at
https-iisecure research. vt edufexternalirbiresponsibilities.him

(Please review responsibiliies before the commencement of your rezearch.)

PROTOCOL INFORMATION:

Approved As: Expedited, under 45 CFR 46.110 category(ies) 5
Protocol Approval Date: May 27, 2018
Protocol Expiration Date: May 26, 2019

Continuing Review Due Date*: May 12, 2019

FEDERALLY FUNDED RESEARCH REQUIREMENTS:

Per federal regulatiocns, 45 CFR 46.103(f), the IRB = required to compare all federally funded grant

alsfwork statements to the IRB protocol(s) which cover the human research activities included
in the proposal / work statement before funds are released. Note that thiz requirement does not apply
to Exempt and Interim IRB protocols, or grants for which VT is not the primary awardee.

The table on the following page indicates whether grant proposals are related to this IRB protocol, and
which of the listed proposzals, if any, have been compared to this IRB protocol, if required.
Invent the Future

¥IRGINIA FOLYTECHNICD INSTITUTE AHND STATE UNIVERSITY
An aqual apportunity, affirmative schion instituficn
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Appendix I. A Naturalistic Evaluation of Driver Behavior Using Driving
Automation Systems- Algorithm Limitations

Background

In order to identify the status/presence of the icons used that are used to indicate the state
of the driver assistance systemsraschine vision algorithm was developed. The algorithm is
based on image classification using deep neural networks, specifically residual neural network
(ResNET) architecture. One model was developed for each type of vehicle in the study fleet.
Limitation s

Conditions that may result in false positives:

1. Direct sun light or street lights (at night) makes recognition very unstable

2. Certain instrument panel materials had highly reflective surfaces which required a

larger training dataset to eliminate this extideo noise.

3. Smaller icons give higher false rates.

4. White/Grayscale icons (colored icons significantly decrease false positive rate)

5. For models we used near square regions with icons give better recognition rate than

long rectangular ones larger than 1:4

Additional Considerations

Algorithm development did not consider system design characteristics or operator choice
in the development of the algorithm. A small number of the vehicles in the sample deactivate (on
the display) the lateral control systemsantiurn signals are activated. While this makes
intuitive sense, upon the completion of the lane change, the lateral control system reactivates
automatically, without operator input. The result of this is noisy data that is a result of system
design chareteristic, not of operator decision. Unfortunately this feature was not specified in the
manual and could not be accounted for in the initial development of the algorithm by coding turn

signal status as well, for example.
Excluded Vehicles

Vehicle Reason

429213 Model year had limited functionality and different panel icons from ot
429038 Could not distinguish between icon states (due to lack of color)
428939 Could not distinguish between icon states (due to lack of color)
428941 All trips havefailed timestamps
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429119 Icons are too small to be processed camera too far
429121 Icons are too small to be processed camera too far
395814 Skipped by PI decision

428843 Skipped by PI decision

428861 Skipped by PI decision

429021 Skipped by Ptecision
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Appendix J. Defining on Road Glance Locations

Glance Location On/Off Driving

Description

Any glance at a cell phone or other electronic
communications device (e.g., BlackBerry)associated
items (e.g., power cord, charger, etc.), no matter where
are located.

Any gl ance to the vehicle
portion), usually housing the radio, climate control, etc.
Not to be confused with centeonsole (cup holder area
between driver and passenger).

Any time that the partici
normal blinking (e.qg., the participant is falling asleep). As
rule of thumb, if the eyes are closed for fivenwre syncs
(0.5s) during a slow blink, it is coded as Eyes Closed.

Any glance in the direct.i
when the vehicle is turning, these glances may not be

directed directly f orpredaed
or intended heading.

Any glance to the instrument cluster underneath the
dashboard. This includes glances to the speedometer,
control stalks, and steering wheel. Note that clusters ma
in different places (e.gdriver-centerline versus vehicle
centerline), but they will be included in this category
regardless of location. In the case of trucks this might
include an area that Oowra

Any glance to an identifiablebject in the vehicle other the
an electronic communications device or iPod. These obj
include personal items brought in by the participant (e.qg.
purse, food, papers), any part of their body that they ma
look at (e.g., hand, ends of hair), othercalenic devices
(e.g., laptop), and also original equipment manufacturer
i nstalled devices that do
door lock, seat belt, window and seat controls). Glances
the center console (cup holder area between passenger
and driver seat) are also included in this category.

The object does not need to be in the camera view for a
specific frame to be coded with this category. If it is clea
from surrounding video that the participant is looking at
object, this category nybe used. This category can be u:
regardl ess of whether the

Cell Phone
(electr_onlc_: Off-Driving
communications
device)
Center Stack Off-Driving
Eyes Closed Off-Driving
Forward On-Driving
Instrument Cluster On-Driving
Interior Object Off-Driving
iPod (or similar) Off-Driving

Any glance at an iPod or other personal digital music
device, no matter where it is located
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Glance Location On/Off Driving

Description

Left Mirror On-Driving Any glance tahe left side mirror.
Left Window Off-Driving Any glance out the left side window.
Any glance out the left portion of the windshield, to the I
Left Windshield Off-Driving of forward (e.g., NOT looking in the direction of travel).

Glances should be ded only if clear, and finite.

No Eyes Visible
Eyes Are Off N/A
Road

Unable to determine specific glance location due to an

Il nability to see the driwv
clear that the participant is not looking at the roadway.
Videoispr esent, but the dri v

visible due to an obstruction (e.g., visor, hand), head
position, or due to glare.

Use this category when the eyes are not visible, you are
sure what the participant is looking at, but it is obvious tl
the eyes are not on the roadway.

No Eyes Visible

Unable to complete glance analysis due to an inability tc
the driverbés eyes and fac
driverd6s eyes and f @bstracticnr

Glance Location N/A .

(e.g., visor, hand), or due to glare.

Unknown .
This category was used when there was no way to tell
whet her the participantés
Unable to complete eye glance analysis because the fac

No Video N/A video view is unavailabldJsed only when this condition is
intermittent and surrounding syncs can be completed.

Other Off-Driving Any glance that c_a.nnot.be catlegorlzed using the above

codes (e.g., specific builh vehicle features).

OverThe Any gl ance over either of

Shoulder Off-Driving general, this will require the eyes to pass thalRr, but

(left or right)

the eyes may not be visible.

Any glance to a passenger, whether in front seat or rear

Passenger Off-Driving of vehicle. Context isised (e.g., they are conversing) in
order to determine this in some situations.
Any glance to the rearview mirror or equipment located

Rearview Mirror On-Drivin around it.
g This category does not include any glances to the Cente
Stack.
Right Mirror On-Driving Any glance to the right side mirror.
Right Window Off-Driving Any glance out the right side window.
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Glance Location On/Off Driving Description

Any glance out the right portion of the windshield, to the
Right Windshield Off-Driving right of forward (e.g., NOT looking in the direction of
travel). Glances should be coded only if clear, and finite.
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Appendix K. Behavioral Adaptation with Driving Automation at Early
Exposure- IRB Approval

Division of Scholarly Integrity and
Research Compliance

Institutional Review Board

North End Center, Suite 4120 (MC 0497)
300 Turner Street NW

Blacksburg, Virginia 24061
540/231-3732

irb@vt.edu
http://www.research.vt.edu/sirc/hrpp

MEMORANDUM

DATE: November 7, 2019

TO: Charlie Klauer, Stephanie Ann Baker, Marissa Turturici, Alexandria Marie Noble,
Myra Blanco, Feng Guo, Shu Han, Jonathan Richard Atwood

FROM: \2/gg|1r;|a Tech Institutional Review Board (FWAQ00000572, expires January 29,

PROTOCOL TITLE: Exploring Driver Adaptation to Lower Levels of Automation using Existing
Naturalistic Driving Data

IRB NUMBER: 19-549

Effective November 7, 2019, the Virginia Tech Institution Review Board (IRB) approved the New
Application request for the above-mentioned research protocol.

This approval provides permission to begin the human subject activities outlined in the IRB-approved
protocol and supporting documents.

Plans to deviate from the approved protocol and/or supporting documents must be submitted to the
IRB as an amendment request and approved by the IRB prior to the implementation of any changes,
regardless of how minor, except where necessary to eliminate apparent immediate hazards to the
subjects. Report within 5 business days to the IRB any injuries or other unanticipated or adverse
events involving risks or harms to human research subjects or others.

All investigators (listed above) are required to comply with the researcher requirements outlined at:

https://secure.research.vt.edu/externall/irb/responsibilities.htm
(Please review responsibilities before beginning your research.)

PROTOCOL INFORMATION:

Approved As: Expedited, under 45 CFR 46.110 category(ies) 5
Protocol Approval Date: November 7,2019
Progress Review Date: November 6, 2020

ASSOCIATED FUNDING:

The table on the following page indicates whether grant proposals are related to this protocol, and
which of the listed proposals, if any, have been compared to this protocol, if required.
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Appendix L. Participant Driving Exposure

Overall Driving

High Speed Exposure

High Speed Exposure

(Hours) (Miles)

PID Hours | Miles | L2 Available | L2 Active | L2 Available | L2 Active
1 65.86 | 2,025.46 17.35 5.99 959.64 402.25
2 52.64 | 1,660.70 6.60 9.03 371.62 623.97
3 69.50 | 2,591.09 20.57 9.31 1,179.11 573.60
4 56.84 | 1,663.74 2.71 8.40 132.84 539.03
5 63.37 | 1,896.25 4.27 15.23 232.97 1,004.22
6 95.16 | 2,267.04 8.85 16.75 488.09 1,076.49
7 47.72 | 1,468.93 9.84 4.18 523.79 264.23
8 35.82 | 1,436.10 2.32 14.14 122.05 956.09
9 94.12 | 2,634.07 11.75 9.51 676.69 562.51
10 101.82| 2,737.66 13.62 14.64 790.99 999.50
11 59.19 | 1,974.16 10.48 11.10 610.94 678.85
12 74.82 | 2,224.09 5.01 22.17 250.05 1,413.07
13 33.42 | 782.07 2.84 4.39 167.37 303.32
14 44.38 | 1,027.37 9.29 1.40 543.44 86.02
15 42.27 | 1,402.34 6.17 6.05 327.22 410.96
16 47.08 | 1,857.16 7.05 16.81 370.92 1,069.51
17 77.91 | 2,250.46 13.21 9.96 792.12 709.21
18 61.91 | 1,715.62 4.67 14.49 232.23 857.92
19 145.80| 3,421.49 18.53 6.38 966.58 425.98
20 98.02 | 3,043.00 19.85 16.83 1,211.07 1,069.57
21 40.66 | 1,518.12 4.35 13.70 236.18 909.65
22 81.32 | 2,291.12 11.94 11.78 641.43 767.04
23 14.30 | 482.46 2.61 2.74 155.33 187.87

Mean:| 65.39 | 1,929.15 9.30 10.65 520.98 690.91

SD:| 28.70 | 701.33 5.75 5.32 334.86 340.02

SE:| 5.98 | 146.24 1.20 1.11 69.82 70.90
Min: | 14.30 | 482.46 2.32 1.40 122.05 86.02
Max: | 145.80| 3,421.49 20.57 22.17 1,211.07 1,413.07
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Figure 30. Participant use of L2 systems as a percentage of tiraéspeeds greater than or equal to 40 miles per hour while
enrolled in the study.
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Appendix M. Minimum Time Gap Power Solutions and Power Analyses

Mo d el solutions (b, SE) are comp@9&Ldowarissul ts

computed using PASS11.

Sample Size (N): 50,943

SE Residual (S): 0.002

Estimate Residual (ES): 0.313

U: 0.05

Effect Automation Phase b SE Power

Intercept 0.097 | 0.016
Automation ON -0.016 | 0.013 1
Automation OFF 0 .
Phase PHASE 1 0.015 0.021 1
Phase PHASE 2 | -0.017 | 0.020 1
Phase PHASE 3 0 .
AutomationxPhase ON PHASE 1 | 0.047 | 0.018 1
AutomationxPhase ON PHASE 2 | 0.027 | 0.017 1
AutomationxPhase ON PHASE 3 0
AutomationxPhase OFF PHASE 1 0
AutomationxPhase OFF PHASE 2 0
AutomationxPhase OFF PHASE 3 0

N is the size of the sample drawn from gugulation. To conserve resources, it should be small.
b is the slope estimate for each effect.
Power is the probability of rejecting a false null hypothesis. It should be close to one.
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Appendix N. Mean Time Gap Solutions and PoweAnalyses

Model solutions (b, SE) are compa4;poderisesul ts
computed using PASS11.

Sample Size (N): 50,943

SE Residual (S): 0.002

Estimate Residual (ES): 0.294

U: 0.05

Effect Automation Phase b SE Power

Intercept 0.465 | 0.016 1
Automation ON -0.040 | 0.013 1
Automation OFF 0 .
Phase PHASE 1 | -0.028 | 0.020 1
Phase PHASE 2 | -0.047 | 0.019 1
Phase PHASE 3 0 .
AutomationxPhase ON PHASE 1 | 0.070 | 0.017 1
AutomationxPhase ON PHASE 2 | 0.053 | 0.017 1
AutomationxPhase ON PHASE 3 0
AutomationxPhase OFF PHASE 1 0
AutomationxPhase OFF PHASE 2 0
AutomationxPhase OFF PHASE 3 0

N is the size of the sample drawn from the population. To conserve resources, it should be small.
b is the sl ope estimate for each effect.
Power is the probability of rejecting a false null hypothesis. It should be close to one.
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Appendix O. ACC Distance Settings over Time by Participant

Movesto a L ower ACC Distance Setting

ACC Distance Setting

ACC Distance Setting
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