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Partially automated car systems are expected to soon become available to the public.
However, in order for any of the potential benefits of automated driving to arise, the driver
and car need to establish effective, efficient and satisfactory interactions. Otherwise, the
driver may rely too much on the automated car system, leading to dangerous situations
or not relying on the system at all, making the automation pointless. This study studied
whether the current method of providing information on (automated) car systems to dri-
vers, which is mainly through owner’s manuals, can bring the driver’s mental model in
accordance with the car’s capabilities. A total of 28 participants took part in a video- based
driving simulator experiment. The participants were split into two groups: the first
received no information about the system while the second did receive specific informa-
tion about functionalities and system limitations. Each participant was seated in a driving
simulator and experienced a partially automated car driving in city situations by means of
videos projected on the outer screen. Participants were asked to indicate through the push
of a button on the steering wheel if they felt that the car could no longer cope with the sit-
uation, and would take back control from the car if they were driving it on the real road.
Each video was categorized as ‘requires a take-over’ or ‘does not require a take-over’ before
the experiment, based on the system descriptions the participants received. Overall, the
system information did not appear to support the participants in correctly deciding
whether to take over or to rely on the system. The mental models of the participants did
not seem to (sufficiently) change through the system information. Owner’s manuals may
not be sufficient for future systems to provide drivers the necessary tools to be able to
decide whether it is necessary to take back control of the car. In-vehicle support, tuned
to the driver and the specific situation may be needed to safely guide this process.

� 2018 Elsevier Ltd. All rights reserved.
1. Introduction

Cars with automated functions that support lateral and/or longitudinal control are already becoming available to the
wider public. This first level of automation (SAE International, 2016) either takes over steering or deceleration/acceleration
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while requiring the driver to execute all other driving tasks (including monitoring). Examples include Adaptive Cruise Con-
trol (ACC), which automatically maintains a set distance to preceding cars, and lane keeping assistant systems that keep the
car centred within its lane (ANWB, 2016). Concurrently, many car companies are combining automated functions, such as
these to allow for lateral and longitudinal automation of the car simultaneously. These systems include Tesla’s Autopilot
(Tesla, 2017) and Intelligent Drive from Mercedes-Benz (Mercedes-Benz, 2017). These applications of automation still
require the driver to monitor the situation and take back control at any moment as necessary. These systems are at level
2 (partial automation) on the scale of automation defined by SAE. This scale describes the various levels of car automation
from 0 (manual driving) to 5 (full automation under all circumstances). Systems with higher levels of automation and their
required functions are being studied and developed in both industry and academia. For example, systems that are able to
operate on a SAE automation level 3, within a specific Operational Design Domain (ODD) (National Highway Traffic
Safety Administration, 2017). The ODD contains the conditions, such as infrastructure types and geographical areas, under
which the system can safely operate at a specific automation level. This study focuses on a SAE level 2/3 automated vehicle.
The car is able to drive autonomously within a specific ODD, however the driver needs to take back control when it can no
longer cope with the situation.

One of the main motivations to implement automated vehicles is to improve transport safety. Morando, Truong, and Vu
(2017) have calculated potential reductions in traffic conflicts of distinct autonomous vehicles, through traffic micro-
modelling (Morando et al., 2017). Depending on the penetration rate, Fagnant and Kockelman (2015) expect a reduction
in crashes from 50% to 90%. The main rational behind the potential traffic safety benefits is that there are many road user
risk factors that decrease the overall safety of the road transport system. Humans are by nature prone to traffic accidents
by both their intentional and unintentional driving behaviours (Dingus et al., 2006; Van Wee, Annema, & Banister, 2013).
The National Highway Traffic Safety Administration (2008) even estimated human error to be the primary cause of 93%
of the U.S. crashes (Fagnant & Kockelman, 2015). By automating a large part of the driving task, the human risk factors
are taken out of the situation and driving safety may be increased. Other potential benefits from car automation include
increased comfort, reduced costs, and emission reduction (Laurgeau, 2012; Van Wee et al., 2013). As the automation may
be smoother, more precise and more reliable in braking and accelerating, the use of fuel might be reduced (Anderson
et al., 2016; SARTRE, 2014) and the driver comfort increased (Luo, Liu, Li, & Wang, 2010).

However, for potential benefits of automated driving to arise, the car and driver need to establish effective, efficient and
satisfactory interactions (Martens & Van Den Beukel, 2013). Car automation that requires human interaction may cause new
human factor issues to arise during driving (Saffarian, de Winter, & Happee, 2012). Key examples include loss of situational
awareness and excessive workload (Martens & Van Den Beukel, 2013). A loss of situational awareness, is expected if the dri-
ver engages in non-driving tasks during (partial) automation such as calling a friend, and then needs to resume full control of
the car (Stanton & Young, 2005). Such a sudden change in task can also induce very high workload if the driver is required to
disengage from the non-driving task, assess the current situation and take action within a couple of seconds (Banks, Stanton,
& Harvey, 2014; Jamson, Merat, Carsten, & Lai, 2013). If the new interaction between driver and automated system is not
sufficiently supported, potential automation benefits may not arise. Unless the car is fully autonomous under all circum-
stances and does not require intervention of the driver (SAE level 4 within a specific ODD and SAE level 5) (SAE
International, 2016), human interaction with the car will take place in one way or another. Even in highly automated systems
(level 4), there are still situations outside its ODD in which human intervention will be essential. Although estimates vary,
full automation in all situations (SAE level 5) is not expected to come to the consumer anytime soon (Bansal & Kockelman,
2017; Litman, 2014). Lower automation levels such as level 2 and 3 however are already available to the public and will be
present in the transportation system for the foreseeable future. Therefore, required interactions between the driver and
automated system will be unavoidable for a prolonged period. To avoid loss of potential benefits of automated driving
through human factor issues, the driver needs to be effectively supported.

One of the main human factors issues that may emerge is that of misuse and disuse of automated driving systems. Misuse
in automation refers to overreliance on a system, in this case the reliance on the automated system exceeds the actual sys-
tem capabilities (Parasuraman & Riley, 1997). Misuse can lead to dangerous situations when a driver relies on the car to drive
autonomously, while in fact the car cannot cope with the current driving situation. On the other hand, disuse can be seen as
the opposing interaction problem in automated driving. In this case, the driver does not use the automated driving functions
of the car in situations where the car could cope. In such a case, the potential safety, emission and comfort benefits of auto-
mated driving will be lost. While disuse seems like a less urgent concern than misuse, it is still an important concern in the
effectiveness and potential success of automated driving (Lee & See, 2004; Parasuraman & Riley, 1997).

The decision to rely on an automated system (or not) is mainly based on the user’s mental model of the system (Cassidy,
2009; Beggiato & Krems, 2013; Sheridan, 2002; Stanton & Young, 2000). Here we adopt the widely used definition by Rouse,
Cannon-Bowers, and Salas (1992): which states that mental models are ‘‘the mechanisms whereby humans are able to gen-
erate descriptions of system purpose and form, explanations of system functioning and observed system states, and predic-
tions (or expectations) of future system states” (p. 1300). If the mental model of a driver about an automated car system does
not match the actual capabilities and functions of the system, the driver will be unable to make accurate reliance decisions.
Consider this example: the driver considers a particular car system to be able to detect and react to a particular pedestrian
crossing, while in reality the system cannot. In this case, the driver will most likely rely on the car, creating a dangerous sit-
uation. In order to avoid misuse and disuse of automated car systems, the driver’s mental model needs to be corresponding
to the actual system capabilities.
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The main conceptual solution to avoid misuse and disuse of automated car systems is to create an accurate understanding
of the system processes, boundaries and limitations in the driver (De Visser, Cohen, Freedy, & Parasuraman, 2014; Muir,
1987; Rudin-Brown & Parker, 2004; Stanton & Young, 2005). In other words, to create an agreement between the user’s men-
tal model and the actual car system capabilities (Riley, 1996). Creating this agreement between the driver mental model and
car capabilities should preferably be supported before and during initial contact (Beggiato, 2014).

It is unclear how exactly aligned take-over decisions can be achieved in practice for partially automated driving. Accom-
plishing correct take-over decisions through trial and error while driving in real traffic is clearly an unsafe strategy. Training
through simulation or under extra supervision can be a safer option but would be very costly and time consuming if imple-
mented for all drivers. Another practical option for creating an agreement between the driver’s mental model and car system
capabilities may be verbal, written or visual instructions before the first drive. For example through instructional videos or
owner’s manuals. Currently, car manufacturers and car dealers mainly inform their costumers about the car’s automated sys-
tems through owner’s manuals or instructions at the time of purchase (Eichelberger & McCartt, 2016; Jenness, Lerner, Mazor,
Osberg, & Tefft, 2007). The study by Jenness, Lerner, Mazor, Osber, and Tefft (2008) on behalf of the NHTSA showed that the
majority of drivers obtains their information (in this case specifically on the automated system Adaptive Cruise Control) from
the owner’s manual. It is unclear whether written system information that is currently given through owner’s manuals is
actually effective in aligning driver’s mental models and car system capabilities. More specifically, does this method of driver
instruction help drivers in deciding whether it is necessary to take back control of the car?

Using written system information as a means to inform drivers before driving an automated vehicle has engaged not only
research, but also politics. Governmental and regulatory transport organizations have expressed their concern about
whether additional training or licensing should be introduced for (partially) automated driving to avoid incorrect and inef-
ficient use of such systems. Some countries, such as Sweden, have proclaimed that it is too early to make definite decisions
about training and licensing (Agency, 2014). However, others have already made some small alterations. In the Netherlands
for example, it is allowed for driving schools to include practise session with support systems (CBR, 2015). The use of the
support systems is also allowed to be tested additionally during the formal driving test, voluntarily, but the driver being
tested also still needs to be able to perform all tasks manually. Currently, these mainly entail level 1 automated systems such
as Cruise Control. While most countries do issue a requirement for trained drivers of automated test cars, official training
guidelines for the use of commercial automated car systems are not available. Recommendations for additional education
in automated driving are required.

This study explores the effect of written system information on the ability of drivers in a partially automated car to decide
whether it is necessary to take back control. As written system information (in owner’s manuals) is currently the main
method of informing drivers of cars with automated systems (even though most drivers do not read the manual unless
something is unclear), it is important to investigate whether it actually even helps drivers in deciding if it is necessary to
take back control of the car. It is hypothesised that by providing theoretical system information before initial system contact,
the driver’s mental model of the system is (at least partially) aligned to the actual system capabilities. Studying the effects of
written system information on take-over decisions is important as it may provide insight into the required support for dri-
vers in partially automated cars for a safe, efficient and acceptable driving experience. The results of this study will be used
for recommendations on the support required for drivers in partially automated cars. Furthermore, recommendations on the
further development of these systems regarding driver support will be made to industry and academia.

2. Materials and methods

2.1. Participants

28 participants completed the experiment (18 male, 10 female). The average age was 38.64 years (SD = 11.21). All partic-
ipants had normal or corrected-to-normal eye sight. The average years of driving licence ownership was 19.29 years
(SD = 10.86). The average level of education was high in this study with 15 participants (53.6%) having a master’s degree
or higher, 8 (28.5%) having an associate or bachelor degree, and 5 (17.9%) having a high school certificate or lower level
of education. Participants were selected and distributed beforehand on age, gender and driving experience to create two sim-
ilar groups. Each group contained 9 men and 5 women. The mean age of the first group was 42.43 years (SD = 13.04), and in
the second group the mean age was 34.86 (SD = 7.73). No significant difference was found in age between the groups
(t = 1.868, p = 0.076). In the first group, drivers had an average of 22.71 years (SD = 13.09) of driving experience. The second
group had an average of 15.86 years (SD = 6.971) of driving experience. There were no significant differences between the
two groups on years of driving experience (t = 1.73, p = 0.099). None of the participants had any prior experience with auto-
mated car functions as a driver nor as a passenger.

2.2. Research design

The study used a between-participant design with repeated measures, and consisted of a video-based experiment that
took place in a driving simulator. Participants were asked to imagine themselves driving a partially automated car. During
these scenarios, the participant could indicate that they wanted to take back control of the car, by pressing a button on the
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steering wheel. As no real partially automated vehicle was available for testing, each driving scenario was video recorded
prior to the experiment and displayed in a driving simulator for higher immersion.

The study contained two groups of 14 participants each. Group 1 received no information about the car system (the con-
trol group) while group 2 received system information about the partially automated car at the start of the experiment (the
experimental group). The system information was based on automated systems that are expected to be available within a
few years. The car was able to drive fully autonomously in urban areas; however some restrictions required the participant
to intervene in certain situations. For example, the car was not able to perform reliably on steep slopes due to sensor lim-
itations and would start to swerve. The system information is explained in more detail in Section 2.3.2. Group 2 was also
asked to take a knowledge test after reading the description to see if they understood and remembered the information
provided.

23 video situations of a partially automated vehicle were presented in a random order for each participant. Due to a tech-
nical error, the software occasionally froze and skipped a scenario. Therefore, not all participants viewed the same amount of
scenarios. This was taken into account during analysis, as is further explained in Section 2.6. All scenarios were categorized
by the researcher before the experiment as ‘requires take-over’ (n = 8) or ‘does not require a take-over’ (n = 15). This was
achieved based on the predefined system description of a partially automated car. To avoid the system being considered
to be highly unreliable, the number of scenarios that required a take-over is lower than the ones that do not.

2.3. Materials

2.3.1. Questionnaire and knowledge test
Participants were asked to complete a questionnaire before entering the driving simulator about their main transport

mode, car ownership and how often they drive a car. Furthermore, they answered the following four Likert scale questions
on their attitudes towards automated vehicles. ‘What is your general opinion regarding automated vehicles on a scale from 1
(very negative) to 5 (very positive)?’. ‘How interested would you be in driving an automated vehicle on a scale from 1 (not
interested at all) to 5 (very interested)?’. ‘How excited would you feel when driving an automated vehicle for the first time on
a scale from 1 (not excited at all) to 5 (very excited)?’. ‘How scared would you feel when driving an automated vehicle for the
first time on a scale from 1 (not scared at all) to 5 (very scared)?’.

Group 2 was asked to take a knowledge test after reading the system description. The knowledge test consisted of eight
multiple choice questions based on the system description. This test was included to check if group 2 understood and
remembered the system information before entering the driving simulator. One example of these questions is: ‘‘The adaptive
cruise control: (A) automatically overtakes vehicles on the highway, (B) keeps 1.5 m distance to the preceding vehicle, (C)
accelerates to the maximum speed if there is no other road user or obstacle ahead”. This knowledge test can be found in
Appendix A.

2.3.2. System description
The system description (Appendix B) was based on partially automated car systems and capabilities that were expected

to be available within two years. It assumed a vehicle able to drive autonomously in urban areas but still requiring interven-
tion from the driver during some scenarios. The description on the automated car systems was provided in a similar way
drivers currently mainly receive such information: through owner’s manuals (Eichelberger & McCartt, 2016). The system
description was based on often recurring owner’s manual elements and therefore consisted of: a list of all the automated
systems and their functionalities, the hardware equipment, operational ranges, and requirements for optimal performance
(including limitations). Since we are focussing on vehicles with a larger set of capabilities than current commercially avail-
able vehicles, a generally complex description may have been unavoidable. Most of the information was given in both writ-
ten and graphical forms as is often the case in current manuals of non-automated cars. Examples of current owner’s manuals
can be found in Mercedes-Benz (2015), Tesla (2018), and Volvo (2018).

The information in the system description is considered to be mainly structural information. Structural information is
conceptual and has the advantage that a small amount of content is required to cover a greater number of situations. Struc-
tural information refers to the explanations about internal systems, their functions, relations and boundaries (Eiriksdottir &
Catrambone, 2011; Grotzer, 2002). An example would be: ‘‘The adaptive cruise control keeps a set speed while keeping a safe
distance from its predecessor. It mainly uses the front cameras as input”. Such information elicits mainly knowledge-based
behaviour (Rasmussen, 1983). However, a disadvantage of this is that it requires high reasoning skills as it required drivers to
deduce the information for specific situations. As a consequence, practical application of the information in driving scenarios
may be (too) difficult. However, the alternative of procedural information (Eiriksdottir & Catrambone, 2011) is too specific
for a dynamic driving task as it imposes very specific rules and often comes in the ‘‘if. . .then” form. Using procedural infor-
mation would result in a very long list of rules for complex automated systems. It would then be very unlikely to capture all
possible driving situations. Taking this, and current owner’s manuals contents, into account the system information was
mainly structural. Whether drivers are actually able to deduce the required information in practical driving situations is
under investigation in this study.
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2.3.3. Situations
While the participant was sitting in the driving simulator, 23 scenarios were presented in random order. Each scenario

was categorized as requiring a take-over (n = 8), or not requiring a take-over (n = 13). Table 1 lists all scenarios and their
descriptions. If the participants would push the button to indicate a take-over, the screen would turn black. Otherwise,
the video would play until the end. This means that participants would see how the car dealt with the situation. The scenar-
ios were chosen according to the seven main driving tasks defined by Rumar (1993): strategic tasks, navigation tasks, road
tasks, speed control, traffic tasks, rule compliance and manoeuvring tasks. At least two scenarios per task were chosen, and
some scenarios covered more than one specific task. Each scenario lasted between 30 and 90 s.

All scenarios were filmed on and around the campus of the University of Twente, representing typical urban driving sit-
uations. All scenarios were filmed from a manually driven car. To avoid effects of the personal driving style of the driver, a
cautious (sometimes called defensive) driving style was used for all scenarios. This included set stopping distances, decel-
eration rates, acceleration rates and maximum lateral forces (Karjanto et al., 2017). The driver was able to monitor his driv-
ing style live through a device called the AUTOAccD by Karjanto et al. (2017). Some examples included: driving towards and
stopping for a traffic light, passing a non-signalised intersection and avoiding a small obstacle on the road. Fig. 1 shows an
example scenario in which the car needs to cross a busy bike lane on which cyclists have right of way. As the car detected the
priority sign and the passing cyclists, the driver did not need to take over.

2.3.4. University of Twente driving simulator
The experiment took place in the University of Twente driving simulator. Participants were seated in a mock-up of a car

with all basic driving controls such as a steering wheel, pedals and indicators, but no side or rear mirrors. The scenarios were
projected on to a screen of 7.8 by 1.95 m, at a resolution of 3072 * 768 pixels (�10ppi). As this is a video-based study regarding
Table 1
Experiment scenarios. Note. It was necessary to take back control of the car if: (1) traffic regulations had to be violated; (2) the car could not continue its
predefined route; (3) the car could not avoid damaging something or harming someone.

Scenario
ID

Scenario Requires a
take-over?

Description

1 Sharp curve No One sharp curve. No intersections. No other traffic. The car slows down to 30 km/h before entering
the sharp curve

2 Cone No Straight road. No intersections. No other traffic. Large traffic cone is placed on the middle of the
road. The car swerves around the cone

3 Roadworks No Roadworks. No intersections. 80 km/h road turns to 50 km/h road as indicated through traffic signs.
The speed of the car automatically reduces to 50 km/h

4 Bike path No Straight road with a priority bike path crossing the main road. The car slows down and stops for two
crossing cyclists

5 T-junction 1 No Left turn at T-junction from priority to non-priority road. Oncoming cyclist that has priority. Car
stops to give way to the cyclists an then turns left

6 Speed bumps No Straight 60 km/h road with 2 speed bumps. No intersections. No other traffic. Car drives 60 km/h
7 Pedestrian on

road
No Straight road. No intersections. Pedestrian walking on the right side of the road. The car swerves

around the pedestrian
8 Left turn No Left turn on a straight 60 km/h road. One oncoming car that has priority. The car stops to let the

oncoming car pass and then turns left
9 Non-signalised

intersection
No Straight road. Non-signalised intersection. One car approaches from the right and has priority. The

car stops and lets the car from the right pass, then he continues to drive straight
10 T-junction 2 No Left turn at T-junction from non-priority to priority road. Three cars approach from the right and

have priority. The car stops and lets all the cars from the right pass, then he turns left
11 Traffic light No Intersection with traffic lights that turn red upon arrival. The car stops and continues to drive

straight after the light turns green
12 Lane merge No Straight road which merges with the adjacent lane. No intervening traffic. The car merges into the

adjacent lane before the end of the lane
13 Straight road No 60 km/h straight road. No intersections. No traffic
14 Tunnel Yes Straight road through a short tunnel. The car swerves outside its lane because it has difficulties

detecting road lines correctly on slopes
15 Crosswalk Yes Straight road with a pedestrian crossing. A pedestrian has the intention to cross. The car does not

detect road markings other than lane indication, and does not stop for the pedestrian
16 Dead end Yes Straight road into a dead end. The car slows down, stops and does not re-route
17 Traffic controller Yes Straight road. No intersections. A traffic controller on the side of the road indicates the car to stop.

The car does not recognise human gestures and continues to drive straight
18 Small object Yes Straight road. No intersections. No traffic. A small object lies in the car’s lane. The box is too low for

the car to detect and drives over the object
19 Stranded vehicle Yes Straight road. No intersections. No traffic. A stranded car with its emergency lights on is blocking the

road. Because the lanes have continuous road markings, the car will not overtake the vehicle and
continues to wait behind it

20 Dirt road Yes Straight concrete road merges into a dirt road. No intersections. No traffic. The car does not detect
the dirt road as a road and stops before it without re-routing

21 Zone end Yes Straight road that turns from a 50 km/h to a 80 km/h road. This is indicated through an ‘end of
residential zone sign’. The car only detects standard road signs and continuous to drive 50 km/h



Fig. 1. Example scenario from the experiment. In this case the car approaches a busy bike lane in which cyclists have priority. The car detects both the
priority sign and the cyclists, and brakes in response. The driver does not need to take over.
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a partially automated vehicle, participants were not required to steer or use the pedals. However, they did have to press a
button on the steering wheel to express their desire to take back control from the car’s automated system. The program used
to display the scenarios and record data from the simulator was Psychopy (Peirce, 2008). The set-up is shown in Fig. 2.

2.4. Variables and measures

The main independent variable in this study was system information. Group 1 (the control group) did not receive any
system information, whereas group 2 was asked to read and memorize the system information before entering the driving
simulator. Furthermore, the general attitudes towards automated vehicles were assessed and controlled for during the
analysis.

During this study, several dependent variables were logged to investigate the alignment between the driver’s mental
model and simulated automation capabilities. First of all, the take-over decisions of the participant (take-over or not) were
measured and it was recorded whether these decisions were correct with regard to the scenarios. A decision deemed to be
correct when the situation requirement (i.e. a necessity to take-over or not) matched the decision of the driver. Deciding on a
take-over when a scenario was classified as ‘requires a take-over’ was correct, as well as relying on the system when a sce-
nario was classified as ‘does not require a take-over’. Deciding to take-over if it was unnecessary was considered to be an
incorrect decision, as well as when the participant failed to indicate a take-over if it was required. The total take-over score
was calculated for each participant with the correct decisions as a percentage of the total number of scenarios presented.
Applying this strategy, both a repeated measure and an average score for take-over decisions per participant were obtained.
In order to be able to investigate the scenarios individually, they were randomized for each participant. However, when par-
ticipants chose to rely on the car, and not push the button, they would see how the car coped with the situation. This feed-
back may have resulted in a learning effect, therefore the take-over decisions were also studied over time.

Participant were asked after each scenario why he or she decided to take over or rely on the car. The answers to this ques-
tion were explored qualitatively, in order to explore what triggered participants to decide to take over or rely on the car. For
the same reason, all comments the participants made during the experiment were logged.

2.5. Procedure

Each participant was individually welcomed in the driving simulator room and received general written information
about the project. All participants participated voluntarily, and the procedure for the experiment was explained beforehand.
Fig. 2. Driving simulator set-up.
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It was explained in an informed consent that they could end the experiment at any time without giving a reason and without
negative consequences. After signing the informed consent, the participant was asked to fill out a survey about their demo-
graphics and attitude towards partially automated driving. Group 1 could then go directly to the testing part of the study.
Group 2 was asked to thoroughly read and study a system description for 15 min. Group 2 was informed that they needed
to carefully study the information as they would need to answer some questions about the information before entering the
driving simulator. After reading, participants in group 2 filled out a knowledge test that consisted of eight questions. These
questions directly reflected the content of the system description to see if they understood and had memorized it. After the
system description test, each participants was seated in the driving simulator and the task was explained. The task of the
participants in the driving simulator was the same for both groups. Participants were asked to indicate whenever they
thought or anticipated that the car could no longer cope with the situation, and they would take back control from the
car if they were driving it, by pressing a button on the steering wheel. Participants were told that the car could not cope with
a situation if: (1) traffic regulations had to be violated; (2) the car could not continue its predefined route; or (3) the car could
not avoid damaging something or harming someone. After deciding to taking over or when the video finished, the screen
would go black. After each scenario, the researcher would ask the participant why he or she decided to take back control
or rely on the car. It was not indicated to the participant whether their action was considered correct or incorrect. Finally,
each participant was compensated for his or her time and effort with a €10 gift voucher.

2.6. Data analysis

This study uses a repeated measures design with a between factor of instruction. The decisions of the participants were
categorized as ‘take-over’ or ‘no take-over, and ‘correct’ or ‘incorrect’. First, descriptive statistics about the participants and
the main measures were calculated. A Generalized Estimating Equations (GEE) (Liang & Zeger, 1986) procedure was used as
most of the procedures’ characteristics fit the study’s data. This procedure assumes that the responses are not independent
which is necessary for the repeated measurements (Pennsylvania State University, n.d.). Furthermore, it is mainly used for
longitudinal non-parametric and categorical data (Stupica, 2011), and can deal with uneven repeated measures. IBM SPSS
version 24 was used for the analysis.

3. Results

3.1. Questionnaire and knowledge test

More than half of the participants (N = 18) (64.3%) stated their general opinion on automated vehicles to be either positive
or very positive. 32.1% (N = 9) of the participants indicated a neutral attitude towards automated vehicles, while one of the
participants listed a negative attitude. None of the participants indicated a very negative attitude towards automated vehi-
cles. On the scale from 1 (very negative) to 5 (very positive) the mean scores were 3.64 (SD = 0.93) in group 1 and 4.00
(SD = 0.68) in group 2. A Mann Whitney test did not show any significant differences in attitude scores between the groups
(Z = �1.151, p = 0.25).

26 of the participants (92.9%) indicated to be moderately or very interested to drive an automated vehicle, while the rest
indicated their interest to be neutral. None of the participants indicated to have little or no interest at all in driving an auto-
mated vehicle. The mean interest score (on a scale of 1 = no interest at all, to 5 = very interested) was 4.57 (SD = 0.51) in
group 1 and 4.29 (SD = 0.73) in group 2. A Mann Whitney test did not show any significant differences in interest scores
between the groups (Z = �1.029, p = 0.30).

26 of the participants (92.9%) expected to be either moderately excited or very excited when driving an automated vehi-
cle for the first time. One participant expected to feel neutral and one participant expected to not feel very excited. On a scale
of 1 (not very excited) to 5 (very excited), group 1 scored their expected excitement during a first drive in an automated car
on average 4.64 (SD = 0.50) and group 2 scored on average 4.21 (SD = 0.89). A MannWhitney did not show any differences on
this item between groups (Z = �1.347, p = 0.178).

When asked how scared they would expect to feel during a first drive in an automated car, 5 participants (17.9%) said they
would be very or moderately scared, 9 participants (32.1%) said to feel neutral, and 14 participants (50.0%) would be not very
scared or not scared at all. Rated on a scale from 1 (not scared at all) to 5 (very scared), group 1 has an average score of 2.57
(SD = 0.85) and group 2 has an average score of 2.61 (SD = 0.99). No differences between groups were found on this item with
a Mann Whitney test (Z = �0.048, p = 0.961).

The knowledge test for group 2 consisted of eight multiple choice questions that were directly related to the system
description that was provided. The highest score achievable was 100. Half of the participant scored the full 100 points.
The average score on the test was 92.31 out of 100 points (SD = 9.60), the lowest score was 75 out of 100 points.

3.2. Take-over decisions

A total of 556 decisions were recorded. These decisions include both the decisions that a take-over was necessary and the
decision that no take-over was necessary. There were large individual differences in the number of times a participant
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decided on a take-over. While one participant only thought a take-over was necessary in one situation, another decided on a
take-over in 75% of the scenarios (M = 30.62, SD = 17.52). There were also large individual differences in the take-over scores
(the percentage of scenarios in which a participant decided correctly) with a lowest score of 42.11% and a highest score of
90.48% (M = 70.98, SD = 11.25). Group 2, which received system information, appeared to have a slightly better performance
with a mean take-over score of 73.29% (SD = 9.53) compared to group 1 which had a mean take-over score of 68.67%
(SD = 12.68). GEE models were created to further investigate the effects of information group on the correctness of the par-
ticipants actions. In the GEE analysis, a suitable correlation matrix method needs to be selected to indicate the general data
structure to create a model (Ziegler & Vens, 2010). All working correlation matrix methods were explored, and showed that
the method was very robust against changes of correlation between differences in Goodness of Fit (QIC) were marginal
between models. The exchangeable method was used for the final results as the models from this method resulted in the
lowest QIC of 672.43 (Cui, 2009; IBM Knowledge Center, n.d.; Sainani, n.d.). The GEE modelling showed no significant effects
of system information on take-over score v2(1, N = 556) = 1.190, p = 0.275.

The scenarios were randomized for each participant to be able to judge the scenarios individually. Still, when the partici-
pants did not push the button to indicate a take-over, they would see how the car copes with the situation. As this may have
resulted in a learning effect, the take-over decisions were also analysed over time. First, a graph was created to investigate
take-over decisions over time. Upon visual inspection, an increase in correct decisions over time appears to be present
(Fig. 3). A GEE analysis confirmed a positive effect of time on the correct decisions made v2(20, N = 556) = 119.907,
p < 0.001. It was investigated whether this effect was stronger for either of the information groups (Fig. 4). Adding the infor-
mation groups into the GEE analysis indeed showed an interaction effect of time and information group v2(20, N = 556)
= 52.991, p < 0.001,while therewas still no overall difference in take-over scores between the groups. The groupwithout infor-
mation (group 1) showed a stronger increase of correct decisions over time compared to the groupwith information (group 2).

Some particular scenarios resulted in a relatively high number of incorrect decisions compared to the others (Fig. 5). In
scenario 4 ‘Bike path’, 13 participants decided that a take-over was necessary even though this was not the case. In this sce-
nario, the car needs to cross a bike path and give way to cyclists. In scenario 21 ‘Zone end’, only two of the participants
decided on a take-over although it was necessary so as not to hinder other road users. In this scenario, the car leaves the
residential zone and drives into a rural area as is indicated by a traffic sign. Outside the residential zone, cars are allowed
to drive at 80 km/h. Fig. 6 shows where the car leaves the residential area. In the system description, it is stated that
‘‘The traffic sign detection detects standard round maximum speed signs with a red border”. As there was no standard speed
sign but just the ‘‘end of residential zone” sign on the left side of the road, the car did not register this change and continued
Fig. 3. Percentage of (in)correct take-over decisions over time.

Fig. 4. Percentage of correct take-over decisions over time per group.



Fig. 5. Percentage of participants that correctly decide to (a) rely on the car when possible and (b) take back control when necessary, per driving scenario.

Fig. 6. Scenario in which the car leaves a residential zone and moves into a 80 km/h zone. The car does not detect any speed signs and thus continues to
drive at 50 km/h. The driver needs to take back control.
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to drive at 50 km/h. When asked why they did or did not take over, 8 participants commented that they did not notice them-
selves that the maximum speed had changed even though this is a standard task in driving.

3.3. Qualitative results

In this section, first the results of the discussion after each scenario will be presented. Then, a quick overview of the main
observed statements and behaviours made by participants during the experiment will be discussed.

After each scenario, participants were asked why they decided to take back control or rely on the car. It became clear that
it was difficult for participants to put into words what triggered them to decide to either take over or rely on the car.
Although participants from the information group did sporadically answer in terms of functionalities as described in the sys-
tem description, the most frequently given answers were the same for both groups. Acceleration/deceleration and steering
behaviour by both the car and other road users as seen in the video footage were most frequently reported as the main rea-
son why participants decided to take over or not. In particular the timing, and intensity of these driving behaviours in the
videos were mentioned. Other reasons included deductions from other functionalities; for example, participants reasoned
that if the car can detect lane markings it can probably detect pedestrian crossings.

During the experiment several reoccurring statements were found. Although participants in group 2 (the information
group) scored high on the knowledge test, participants were surprised by the actions and abilities of the car in situations
that had been literally described in the system description. In scenario 11, for example, the car drives along a road towards
an intersection controlled by traffic lights. The car stops as the light goes from orange to red. It should have been clear that
the car was able to detect and stop for the traffic lights as the system description stated that ‘‘The obstacle detection detects
. . . traffic lights, . . . and intersections”. However, surprise was expressed, both verbally and physically, by multiple partici-
pants when the car stopped for the red traffic light.

Furthermore it was noted that participants that were clearly aware of a rule from the system description (as demon-
strated by verbally stating it during the scenario) still expressed difficulty in making a take-over decision. For example, in
scenario 18, the car approaches an obstacle lower than 30 cm and thus does not detect it and drives over the obstacle. Four
participants mentioned during this scenario that they knew that the car did not detect obstacles of less than 30 cm. Three of
them expressed confusion as they did not know whether the object was higher or lower than 30 cm, while one stated that it
was very obvious how to proceed as the object was clearly less than 30 cm. Knowing the limitations of the vehicle may not



Fig. 7. Pedestrian crossing scenario. A pedestrian wants to cross. However, the car does not detect any other road markings besides the lines that indicate
the course of the road. The driver is required to take back control as the car would otherwise continue to drive and the pedestrian had to step back to avoid
being hurt.
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be enough if critical information about a situation is not available or the consequences of one’s decisions are unclear. In this
case, participants may not know whether it is ‘ok’ to drive over a small obstacle.

Although behavioural observations were not part of the predefined measurements of this study, they may still provide
valuable insights regarding take-over decisions. It appeared that take-overs by participants in a situation that was both time
and safety critical were all made too late. By ‘too late’ we mean that the timing of the take-over would have either: (1) cre-
ated a dangerous situation for the driver and/or other road users; (2) or required other road users act to avoid an accident. In
scenario 15, where a pedestrian starts trying to cross the street on a pedestrian crossing and steps onto the road. The car
cannot detect pedestrian crossings, does not know to give priority and thus continues driving (Fig. 7). All 19 participants
(67.9%) that actually took back control were too late to intervene. All interventions took place while the car was already
on or had even passed the pedestrian crossing.

4. Discussion

4.1. Discussion

This study investigated the effects of providing drivers with system information on their ability to decide whether to take
back control in a partially automated car. The system information consisted of recurrent elements in current owner’s man-
uals as this is the main way new car owners currently receive information about the automated systems in their car
(Eichelberger & McCartt, 2016; Jenness et al., 2007). The information was mainly structural (Grotzer, 2002) as it will become
infeasible to incorporate procedural rules for all possible situations in highly complex automated car systems. It was
assessed whether this system information, can update a driver’s mental model to the actual system capabilities, and support
the driver in deciding whether to take back control. This was done by measuring the number of correct take-over and reli-
ance decisions in a video based driving simulator experiment. The results of this study may support the decision making pro-
cesses of governments and regulatory transport institutes about the need for theoretical (manual style) training and testing
of drivers who start the use of partially automated vehicles.

The results of this study show no support for an overall effect of system information on correct take-over decisions. It
appears that, overall, drivers are neither better nor worse at correctly deciding to rely on the car or taking back control when
they have been presented with system information beforehand. Surprisingly, even information from the system description
that was directly replicated in driving scenarios was not straightforward for drivers to act on in practice. Similarly, some-
times drivers were surprised about car behaviour that had been explicitly mentioned in the system description. Additional
to these results, in critical situations that required a take-over, drivers did not respond in good time. In-car distraction is
unlikely to be a cause as drivers were required to monitor the road continuously, and there were no secondary tasks. It
remained difficult for drivers to accurately judge the capabilities of the car and decide how to act correctly. The main reasons
participants gave for their take-over decisions were the visual cues of timing and intensity of acceleration/decelerations and
steering made by the partially automated car and other road users. However, for the same situation, some considered brak-
ing as too late and too harsh while others found the deceleration to be very early and slow. It appears that again, participants
were not certain on the cars functioning and capabilities (such as which action it would take next).

Overall, it appears that the system information did not create a more accurate mental model of the car’s capabilities, and
therefore did not change the take-over decision making accuracy. Structural system information in this form might not be a
successful strategy to support drivers in understanding and interacting with a partially automated car during actual driving.
The advantage of structural information is that it is conceptual and can encompass many situations that drivers might
encounter (Eiriksdottir & Catrambone, 2011; Grotzer, 2002). However, it requires a lot of reasoning skills and remembering
of the driver. Most participants in this study are highly educated, and likely to be acquainted with theoretical learning. It is
expected that if this group cannot or does not apply the information, it will be even more difficult for people who are not
accustomed to theoretical learning. Accessing, transforming and applying structural information in quickly changing driving
tasks, while being in a new role of automation supervisor rather than manual driver, may be too demanding (Banks et al.,
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2014; Martens & Van Den Beukel, 2013). Presenting drivers with rule-based information however does not seem feasible due
to the large number of complex rules that would need to be taught to encompass all the complex driving scenarios.

Different driver training strategies may need to be applied to support the driver in their take-over decisions. Although the
scenarios in this study were randomized, there was still an observed learning effect. Experiencing the system through prac-
tise appeared to be an important part in learning when to take back control and when to rely on the system. Researchers in
the automation domain such as Muir (1987) have supported the notion of physical practise with automated systems to gain
an accurate conceptual model. Although additional cost and time investments are required, relatively short training periods
of a few weeks may be sufficient to reach stability in their learning curve (Beggiato et al., 2015; Weinberger, Winner, & Bubb,
2001). Combining practical and theoretical training may provide the right balance between ‘learning by doing’, and providing
drivers with knowledge about important situations that occur sparsely. A recent study by Payre, Cestac, Dang, Vienne, and
Delhomme (2017) shows that a combination of theoretical and practical training had a positive effect on both reaction time
and self-reported trust. However, for both these approaches holds that providing training for the multitude of automated car
systems that will be available may be impractical. In case of the emerging car-sharing concepts where drivers will regularly
operate different cars, drivers would need to be trained for each system separately. Taking an in-car support approach may
be more promising in supporting especially first-time drivers in partially automated cars. A real-time responsive interface
and interaction with the car may overcome the limitations of theoretical and simulated training. The alignment of the dri-
ver’s expectations and the car’s capabilities may be achieved by providing the driver with necessary knowledge specific to
that particular situation. It can continue to support drivers after the first driving period in a more moderate fashion to keep
their conceptual models as accurate as possible (Beggiato & Krems, 2013; Beggiato, 2014). Furthermore, support can be
extended and adapted as the driver becomes more experienced in working with the system.

4.2. Limitations

Some limitations about the system information materials need to be addressed. The core elements of the system descrip-
tion were chosen as a combination of recurring sections in owner’s manuals. Currently, user manuals provide text based
information with some supporting schematics about: the distinct automated systems and their functionalities, the equip-
ment and technical specifications (although not all user manuals include this section), and requirements for optimal perfor-
mance including system limitations in certain conditions. Although this study strived not to deviate too much from the
current owner’s manuals through which drivers learn about their automated car systems, additional information was pro-
vided since we were focussing on a vehicle with a set of capabilities beyond current commercially available vehicles. We
therefore carefully designed our instruction in order to be able to provide information about these elements to see if driver
could apply this knowledge in dynamic scenarios. We realize that the technical details may appear to be overrepresented in
the instruction materials while the conditions in which the system does or does not function may seem underrepresented,
compared to current commercial owner’s manuals. However, the more advanced the systems will be, the more difficult it
will be to describe all the situations under which the system does and does not work well. As the system had broader capa-
bilities than the current commercial vehicles, the instructional materials may have been more complex as a result. The lim-
ited amount of listed conditions in which the car functions well may not have provided participants with enough reference
for making the right take-over decisions, even though we did not find that people used a strategy to rather be safe than sorry
and take-over in all situations.

While the instruction materials were designed carefully to avoid ambiguity, some particular statements in the function-
alities section may not have been completely clear for the participants. For example, as stated in the qualitative results, some
participants were surprised that the car braked for a traffic light. This may have been due to the fact that the instruction
manual states that the car can detect traffic lights, but does not explicitly state that it will brake accordingly. This may have
led to participants taking back control more often than required.

The fact that this was a video based experiment poses an additional limitation. As there is no physical risk for the par-
ticipants, the sense of urgency to take over is expected to be lower than in a real car. This can further explain the late reac-
tions in situations that required a take-over. Getting an accurate feeling of speed and distance may also be more difficult in
video based driving scenarios, which poses some limitations on the exact response times that participants showed or the
actual moment of take-over.

The measures used in this study to assess the participants mental models may not be exhaustive. The knowledge test con-
sisted solely of multiple choice questions and was only administered to group 2. It may be that group 1 would have scored
similarly without receiving any system information. This possibility would need to be excluded in further studies by explor-
ing the mental model all participants have of a system prior to the experiment. Important other aspects that form a mental
model need to be included such as prior experiences. Also, participants found it difficult to verbalize why they decided to
take over or rely on the car. This method should therefore be supported by including other measures.

Although randomization of the scenarios was implemented to avoid a learning effect, we still saw a learning effect in both
groups. This is most likely due to the situations in which the participants did not take over. In these cases the video would
play until the end and the participants could see how the car dealt with the situation. The group that did not receive infor-
mation beforehand showed a stronger learning effect during the study. This may be as they needed to rely more strongly on
the experience during the study to make their decisions. By presenting scenarios, the participants made their own inferences
and judgements about the car’s behaviour. Still, by analysing the take-over decisions over time, this study presents a thor-
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ough view of the effect of system information on take-over decisions. As an effect of time, but not of system information was
found, experience/training appeared to play an important role in creating an accurate mental model of the system.

4.3. Concluding remarks

The aimof this studywas to investigatewhether system informationwould align drivers’mentalmodels to the actual capa-
bilities of a partially automated car, and support the driver in deciding whether they need to take back control. This system
information was based on the current source of automated car system information for drivers: owner’s manuals, but was
adjusted to be tuned to systems that have much wider capabilities than current commercially available vehicles. Combining
both the qualitative and the quantitative results, it appears that the mental models of the drivers were not (more) accurate
after reading the system information. Informing drivers via owner’s manuals may not be enough to support drivers in their
new role. Combining theoretical training with practise may still provide the most accurate and efficient learning method,
although this may lead to unsafe situations and accidents, which is always to be avoided. Therefore we recommend to further
investigate in-car support of drivers in partially automated cars. Real-time in-car information provides the opportunity to con-
tinuously update the driver’s expectations and beliefs about the car, while being tailored to various situations and users. This
study provides valuable insights for the further development and research of driver training strategies and identifies a possible
need for more thorough in-car information, possibly even tuned to the specific driver and the specific condition one is driving
in.We need to stress that currently, drivers do not seem to be prepared a new role in partially automated vehicles inwhich the
system still needs driver interaction in some cases. Owner’s manual style information, may not provide drivers of cars with
new automated systems with the necessary tools to be able to decide whether it is necessary to take control of the car.
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Appendix A. Knowledge test on system description

Some questions are presented regarding the information you just had the opportunity to read. After this test you will con-
tinue to the driving simulator.

1. The traffic sign recognition:
(A) detects standard maximum speed signs and adjusts the cars speed accordingly
(B) detects standard maximum speed signs but you have to adjust the speed of the car yourself
(C) only detects priority signs

2. The adaptive cruise control:
(A) automatically overtakes vehicles on the highway
(B) keeps 1.5 m distance to the following vehicle
(C) accelerates to the maximum speed if there is no leading vehicle or obstacle

3. The obstacle detection:
(A) detects no cars
(B) detects cars
(C) is not present in the described car system

4. The route navigation:
(A) follows the given route in the navigation through a combination of GPS, the Odometer and road lines
(B) follows the lane based only on road lines
(C) is not present in the described car system

5. The ultrasonic sensor detects objects all around the vehicle on:
(A) long distance (250 m)
(B) medium distance (150 m)
(C) very short distance (8 m)

6. The radar detects objects in rain and fog:
(A) true
(B) false
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7. The system contains multiple cameras to detect objects from short to long distance
(A) true
(B) false

8. The system contains a Lidar
(A) true
(B) false

Appendix B. System description

On this information sheet, you will find some information about a partially automated car. Please take your time to read
this information carefully as this is of great importance for the study. After about 5 min you will be called by the researcher
for the next part of the study. You can always ask for more time to read this sheet if necessary. This information sheet will
first explain which systems and technical equipment is in the car and what functions they have. After this, a short explana-
tion on how the systems work together is provided.
Fig. B.1. Automated systems in the provided car system.
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1. Overview
The overview in Fig. B.1 shows which automated systems are in the car (left), and through what technical equipment they

function (right).
2. Systems, equipment and functions

Automated systems
The partially automated car has the following automated systems and function:

(1) Obstacle detection
Table B
Workin

Equi

Cam

Rada

Ultra

All e
� Detects road users, objects, traffic lights, traffic signs, parking spaces, road edges, road lines, intersections.

(2) Adaptive cruise control (ACC)
� Keeps two car lengths distance to the leading vehicle
� Accelerated to the maximum speed when there is no leading vehicle or obstacle
(3) Traffic sign detection

� Detects standard maximum speed signs and adjusts its speed accordingly
� Detects priority signs
� Follows the set legal rules and guidelines of priority signs
(4) Route navigation

� Determines car location based on GPS and Odometer
� Follows the entered route
� Follows the road on the right side according to both road lines and physical road edges
� Follows the set legal rules and guidelines of road lines
� Stops and manoeuvres for obstacles
Physical equipment

(1) Camera’s

� 3 FRONT cameras. Detects obstacles in front of the vehicle on different distances and field of views (see technical

specifications)
� 4 SIDE cameras. Detects obstacles on the side of the vehicle on different distances and field of views (see technical

specifications)
� 1 BACK camera. Detects obstacles on the back of the vehicle
(2) Radar

� Detects obstacles in front of the car, regardless of weather conditions (see technical specifications)
(3) Ultrasonic sensor

� Detects obstacles around the entire vehicle on short distance. (see technical specifications)
(4) GPS sensor

� Detects the GPS location of the vehicle
(5) Odometer

� Measures the travelled distance
.1
g ranges of the detection equipment.

pment Reach Function

eras Front Main front Max distance 150 m
50� field of view

Detects obstacles in front of the vehicle on medium
to short distance

Narrow front Max distance 250 m
35� field of view

Detects obstacles in front of the vehicle on long
distance, in a narrow field of view

Wide front Max distance 60 m
150� field of view

Detects obstacles in front of the vehicle on short
distance, in a broad field of view

Side Aimed at front Max. distance 80 m
90� field of view

Detects obstacles on the side of the vehicle on short
distance

Aimed at back Max. distance 100 m Detects obstacles in the blind spot of the vehicle on
short to medium distance

Back Max. distance 50 m Detects obstacles behind the vehicle at a short
distance

r Front Max. distance 160 m Detects obstacles in front of the vehicle on medium
distance, regardless of the weather conditions

sonic sensor Around Max. distance 8 m
360� field of view

Detects obstacles around the entire vehicle on very
short distance

quipment detects objects higher than 30 cm from the ground



Fig. B.2. Illustration of the working ranges of the radars, cameras and sonar system. Adapted fromwww.Tesla.comwebsite, by Tesla�, 2018, retrieved from
https://www.tesla.com/nl_NL/autopilot.
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3. Working ranges of detection equipment
See Table B.1.

Illustration of the working ranges of the detection equipment
See Fig. B.2.

4. Requirements for optimal performance

� The equipment functions optimally on a level asphalt road.
� The obstacle detection detects standard road lines that indicate the course of the road. Other road markings are not
detected.

� The road sign detection detects standard round maximum speed signs with a red border. Other maximum speed signs are
not detected.
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