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Abstract

In recent years, advanced driver assistance systems (ADAS) have found their way
into many commercially available vehicles. Research has shown that many drivers
still lack knowledge regarding these systems, resulting in over-reliance or under-
utilization on either extreme. This thesis highlights the need to allow users of these
systems an easy way of becoming familiar with the distinctive characteristics of these
systems without operating a vehicle at speed. Many traditional methods of learning,
like reading manuals or test driving compromise either on lack of feedback fidelity or
ease of use, causing many people to avoid using the systems altogether or incorrectly.
In order to tackle this obstacle, an in-car driving simulator game is created aiming
to guide the learning of ADAS features. To test its effectiveness, drivers’ change in
mental model score is compared before and after the learning intervention in the
simulator game. The mental model score is calculated using metrics from signal de-
tection theory: sensitivity(d’) and bias (c), which are measures for objective under-
standing and bias towards distrusting and over-confidence. Participants showed a
small significant increase in understanding of the system after the intervention.

Keywords: Advanced Driver Assistance Systems, Pilot Assist, Mental Model, Sig-
nal Detection Theory, Sensitivity (d’), Bias (c¢), Simulator Game
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1. Introduction

Advanced driver assistance systems (ADAS) are now available in almost all new car
models on the market. In general, ADAS can help reduce collisions, however, its
effectiveness varies depending on the level of automation. The level of automation
refers to the degree to which a driving system can take over control from the hu-
man driver, ranging from warning and momentary assistance systems (SAE level 0),
continuous lateral or longitudinal driver support (SAE level 1), to partial automation
(SAE level 2) (Cleij, 2021). Recently, the Partnership for Analysis Research in Traffic
Safety (PARTS) studied the real-world effectiveness of ADAS features in passenger
vehicles in reducing system-relevant crashes. This study was the first to find that
vehicles equipped with lateral driving assistance systems (SAE level 1), effectively
improved single-vehicle road-departure crashes (PARTS, [2025). A 2022 road safety
report from the European Road Safety Observatory on advanced driver assistance
systems concluded that SAE Levels 1 and 2 have shown a conflicting or unclear ben-
efit to driving safety, respectively. The report mentioned the current challenge of
confusion surrounding the systems in place like the driver not realizing a particular
feature is deactivated (mode confusion), which can lead to longer reaction times as
the driver assumes that the automation will brake or steer. Another factor contribut-
ing to driver confusion is overtrust in the system, due to the overarching naming and
bundling of ADAS (Cleij, 2021).

The degree to which the ADAS automate driving differs between various cars and
manufacturers, meaning the role of the driver can vary a lot. The amount of assis-
tance required from the driver is an important factor in safe driving and the knowl-
edge of it is therefore highly important. However, a large amount of people never or
rarely use the features they have available to them. Often, this is the case due to a
lack of understanding of the system and difficulty practising the features whilst the
vehicle is not being driven. One study (McDonald et al., 2018) showed that drivers
are often unaware of how safe these systems are, what the user’s responsibility still is
whilst using this system and it showed that drivers have difficulty understanding how
different ADAS systems work in combination with each other and how they are dis-
tinguished. This uncertainty and confusion impact the drivers’ use and experience
with the systems.

Many different approaches have been developed to try and tackle the problem of
users having conflicting knowledge of ADAS. Volvo’s version of ADAS, called Pilot
Assist, supports both lateral and longitudinal assisted driving in the form of Steering
and Lane change Assistance, as well as automatic parking and general crash pre-
vention. Regarding their specific platform, Volvo has developed a prototype driver
coach application for Pilot Assist, which demonstrated its usage increasing the level
of PA usage (Orlovska et al., 2024)). However, there was still a large number of people
whose behaviour did not change.



To further expand the research on this problem, the University of Skovde and Volvo
Cars have initiated a research collaboration. The project itself was initiated and de-
veloped by Volvo Cars to improve drivers’ understanding of partially automated driv-
ing. This thesis forms the academic component of that collaboration and is con-
ducted as part of my master’s studies at the University of Skovde. My contribu-
tion focuses on designing and evaluating a simulation-based learning tool aimed at
strengthening users’ mental models of Pilot Assist.

This thesis proposes a design for an interactive ADAS tutorial game intended to mo-
tivate users of these systems with the aim of transferring these skills to their real cars.
The design is implemented into a prototype car simulator, and evaluated with a pilot
study to test its ability to change a user’s mental model of the system. Through analy-
sis of participants’ mental models using a knowledge questionnaire, their perception
(sensitivity) and over- or under-confidence (bias) of the ADAS can be scored. By re-
peating this test before and after the intervention in the simulator, we can measure
the change in drivers’ mental models.

This leads to the central research question of this thesis: How does a simulation-
based educational game influence drivers’ understanding of Pilot Assist?



2. Background

The understanding drivers have of ADAS is essential to driving safety (McDonald
etall,2016). Research in driving studies has framed this understanding as the Drivers’
mental model.

2.1. Mental Model

A mental model is an internal representation of an external reality that a person uses
to understand and interact with the world around them. Originally introduced by
Kenneth Craik in 1943, he proposed that the mind constructs “small-scale models”
of reality to anticipate events (Staggers and Norcio, [1993)). These models have be-
come widely used throughout many different fields as they provide “predictive and
explanatory power for understanding the interaction” (Carroll and Olson, [1988)).

The concept of mental models is widespread throughout literature, but a universal
definition has been lacking, which speaks to its generalisability across many fields.
Historically, researchers have tried defining it in similar, but constantly differing
definitions. Rouse and Morris| (1986) defined it as:

Mental models are the mechanisms whereby humans generate de-
scriptions of system purpose and form, explanations of system func-
tioning and observed systems states, and predictions of future system
states

Rouse and Morris (1986, p. 49)
Later research about Human-Computer-Interaction defined it as:

A rich and elaborate structure, reflecting the user’s understanding of
what the system contains, how it works, and why it works that way

Carroll and Olson! (1988, p. 51)



2.2. Mental Models in ADAS

Using mental models we are able to look at a person’s understanding of a system. The
application of mental models in autonomous-driving-related research has therefore
become popular as it allows a look into the shortcomings and benefits of ADAS usage
without needing to look at the behaviour of the driver, which can often be more diffi-
cult and time-consuming. However, within the field of ADAS research, the definition
of a mental model is also lacking a singular meaning. Research in this field provides
often similar, but slightly differing definitions. Feinauer et al.| define a mental model
as

A mental model is a knowledge structure in long-term memory that
includes the user’s understanding of an automated driving system’s
scope, its functionality and the reasons for system behaviour.

Feinauer, Schuller, Groh, Huestegge and Petzoldt (2022, p. 253)

This definition focuses specifically on the memory of the user in regards to ADAS
and specifically mentions long-term memory. However, the use of mental models as
a short-term/immediate measure is also commonplace. Huang, He, Wen and Yan
(2023), Pai et al. (2023), Huang et al. (2024) and Rossi et al. (2020) describe an
ADAS mental model as:

A drivers’ understanding (and perception) of the functions, limita-
tions, and capabilities of ADAS

Huang, He, Wen and Yan| (2023, p. 2)

As this last definition seems the most recent and widespread, that is the one that is
used to define the meaning of a mental model for use in this research thesis.

2.3. Mental model affects drivers behaviour

To make sure ADAS are used correctly, we can look at drivers’ mental models to gain
insight into their driving behaviour. The mental model of a driver directly affects not
only how safely they drive with ADAS, but also their trust in the system. A lack or
overabundance of trust causes usage outside the domain for good ADAS operation,
which, in turn, also further affects safety.

2.3.1. Driving Safety

In general, drivers with a good mental model of ADAS are more likely to use the
system when appropriate and are more prepared to intervene when this is needed
of this system (Rossi et al., [2020). On the other hand, drivers with incomplete or
inaccurate mental models are more likely to use the system outside of the intended
safe domain (Dickie and Boyle,|2009)). These same drivers are also less able to regain
control of the vehicle in case of a system failure (de Winter et al., 2014)).



2.3.2. Drivers Trust

Drivers’ mental model of ADAS also has an impact on the trust they have in the sys-
tems, which, in turn, can affect their reliance on ADAS. If this trust is too high this
can lead to over-reliance. The inverse is true as well: if trust is too low, the result is
under-utilisation of the system (Strand et al.,|[2018]).

2.4. ADAS users have weak Mental Model

Mental models have proven to have a big impact on drivers’ behaviour, knowledge
and trust. With the importance of driving safety being extremely high, we know that
most drivers have incomplete or inaccurate mental models of many systems in the
car, including the ones related to partial driving automation. A U.S. survey created
to identify gaps in consumer knowledge of ADAS found that only 17% of the respon-
dents correctly answered questions assessing their understanding of the ACC system
(McDonald et al., 2016). In another survey, specifically focusing on drivers of Volvo
XC60, equipped with ACC, 30% of the 130 respondents reported being unaware that
the system has difficulty functioning in curves and roundabouts (Larsson, 2012])).

2.5. Improve Mental Model

Given the widespread deficiencies in mental models among the general population,
researchers have tried to improve drivers’ understanding of partial driving automa-
tion.

Carney et al.| (2022) and other researchers have found that one approach for im-
provement is through (repeated) exposure to edge-case events. The development of
drivers’ mental models of ADAS is influenced, in part, by the initial information and
experiences they receive, as highlighted by (Rossi et al., 2020).

Training in simulation, as well as normal training, has been proven to be a method
to improve drivers’ mental models as an effective strategy that could include expo-
sure to different situations to develop appropriate initial mental models about ADAS
(Pradhan et al., 2023).

2.6. Measuring Mental Model

A person’s mental model can be measured in many different ways. Each one is
slightly different but achieves a similar goal. Through an extensive questionnaire
made up of true and false scenario statements, a person’s answers show insight into
their understanding of a system(Pradhan et al., 2023). This is a well-established
method in cognitive and educational research, but it remains to be an approximation
and only tries to capture a partial representation of a person’s mental model, rather
than claiming to provide a complete or definitive understanding of their internal cog-
nitive processes. The correct answers of the questionnaire together with the answers
believed to be correct of the person filling in the questions, can be reduced to a single



score. The simplest metric is Proportion Correctness (PC), also known as accuracy
(Huang and He, 2023)). It is calculated as the fraction of correct classifications of true
and false statements compared to the total amount of classifications. However, what
it has in simplicity it loses in nuance, as it fails to distinguish between different types
of errors and does not account for response bias like a general tendency to agree or
disagree.

2.6.1. Mental Model Scores

There are many different types of mental model Scores that usually range from o to
100, with some of the most common ones being continuous MMS(Huang, Yan and
He,|2023)/Overall MMS(Huang, He, Wen and Yan, 2023)) and binary MMS (Huang,
Yan and He, [2023). These scores provide a subjective score that can provide a good
relative comparison within a singular study. However, this measure is sensitive to
the true-false(signal-noise) ratio of questions. These scores also lack the distinction
between different types of errors e.g. a missed detection of a present signal and a
wrong prediction of an absent signal are treated the same.

2.6.2. Signal Detection Theory

Signal Detection theory is a framework that was developed to look at the performance
of systems, but was later adapted to human understanding and reasoning. The the-
ory says that there are two possible states of the world: a ”signal” is present(the
event of interest occurs) or noise (the event does not occur). An observer makes
a judgment, typically a binary response of “yes” (signal present) or "no” (signal not
present). In terms of calculating a drivers’ advanced driver assistance systems un-
derstanding, this definition can be used and applied quite directly with the "signal”
being present when an ADAS feature described in a scenario is correct(supported,
the system acts as described) or being not present when a described feature is incor-
rect (unsupported, the system does not act as described). The observer’s judgement
is the answer to the capability of the system in the described scenario of a feature
using a six-point Liker Scale, with 1 - 3 being Strongly Disagree, Disagree Slightly
Disagree and 4 - 6 being Slightly Agree, Agree and Strongly Agree.

2.6.3. Fuzzy Signal Detection Theory

Traditional Signal Detection Theory measurements require binary responses, which
could be derived from an even-numbered Likert scale by assigning each half of the
scale a binary yes or no. However, this approach of answers loses information re-
garding the degree of certainty in the Likert scale answers. To avoid arbitrarily bi-
narizing the answers we can use fuzzy SDT as first proposed by Parasuraman et al.
(2000)), which extends classical SDT to analyse continuous confidence ratings while
maintaining the four fundamental outcome states Hit, Miss, False Alarm and Correct
Rejection.



2.6.4. Sensitivity and Bias for ADAS

The factors sensitivity and bias come from signal detection theory and allow for the
decomposition of "Correct” into Correct Detections or Correct Rejections and "In-
correct” into Missed Detections and False Alarms. Sensitivity(d’) is a measure for a
person to distinguish real scenarios from fake ones. Bias(c) measures the person’s
degree of overestimating or underestimating the system. With this clear separation,
we can gain a more detailed look at drivers’ mental models. Compared to previous
research which used proportion correctness (PC) scores, in their research, sensitivity
and bias give a clearer picture of the mental model of drivers and their knowledge of
the system (Huang and He, |2023). The Bias of each participant regarding an ADAS
mental model gives an indication of over-confidence and distrust, which indicates
over-reliance and under-usage. With it becoming more used in recent research we
can have direct comparisons between other research (Huang, Yan and He, [2023).

The sensitivity (d”) and bias (c¢) in signal detection theory can separate respondents’
objective performance in understanding a system and their bias towards saying ei-
ther yes or no. Regarding ADAS, this separation is useful for determining the type of
incorrect mental model of the driver. A high bias towards answering

2.7. Improve mental model using gamification

Another aspect that has helped improve beyond traditional teaching methods in gen-
eral teaching, is the usage of gamification. Incorporating gamification into the edu-
cation of ADAS has been shown to promote better mental model formation and trust
in Autonomous Vehicles whilst driving (Feinauer et al., 2022). As well as, increasing
drivers’ motivation towards learning, compared to traditional education tools with-
out gamification, like user-manual or tablet-based learning.



3. Problem and Method

The original idea of the project attached to this thesis was to observe drivers’ actual
driving behavior, to see the direct effect that this teaching solution has. As stated
by previous research, this method would provide the most direct connection as the
change in driving behaviour is the intended outcome that is wanted (Huang, Yan and
He, 2023). Due to time constraints and other limitations, it was not possible to pur-
sue this direct evaluation. This lack of real-world evaluation is a common problem
as it requires a lot of hardware, software and other logistics to be achieved in bigger
groups on actual drivers. Other research has circumvented this through analysing
understanding, as it is linked to driving behaviour.

The design proposed in this thesis for an interactive ADAS tutorial game is imple-
mented into a prototype car simulator. The evaluation of the intervention was con-
ducted using a pilot study to test its ability to change a user’s mental model of the
system. Through analysis of participants’ mental models using a knowledge ques-
tionnaire, their perception (sensitivity) and over- or under-confidence (bias) of the
ADAS can be scored. By repeating this test before and after the intervention in the
simulator, we can measure the change in drivers’ mental models.

Using sensitivity and bias from signal detection theory provides a method for getting
more detailed analysis of drivers mental models. Compared to previous research
which used proportion correctness (PC) scores, also known as accuracy, in their re-
search, sensitivity and bias give a clearer picture of the mental model of drivers and
their knowledge of the system (Huang, Yan and He,|2023). We can also interpret the
bias of each participant as an indication to over-reliance vs under-usage. The bias
metric represents positive-bias as the likelihood to overestimate the systems capabil-
ities. The inverse of this, negative-bias, represents the likelihood to underestimate
the capabilities of the system. With sensitivity and bias becoming more used in re-
cent research we can have direct comparisons between other research.

The primary hypothesis tests if drivers’ mental model sensitivity will improve after
participating in the targeted simulation game intervention, compared to their base-
line (pre-intervention) mental model score. The null hypothesis stated no change
in sensitivity, Hpg : pg = — pay, = 0, while the alternative hypothesis predicted an

post

Increase 1n sensitivity, Hp; : Pl = My > 0.

The secondary hypothesis explored the intervention’s effect in reducing participants’
bias. The null hypothesis stated that bias would remain unchanged, Hgo : fic,, =
Iepe» While the alternative hypothesis proposed it converging closer to 0, Hg : |feyo| <

| /’L Cpre |



3.1. Study Design

The study follows a combined approach of using quantitative and qualitative data
using a pre-post intervention design. 18 participants familiar with ownership of the
platform car were brought in for this process. The flow of single participant is out-
lined in the Figure

General Survey Introduction Pre Survey Intervention Post Survey
~10 min ~3min ~10min ~20 min ~10 min
>

Figure 1 The flow of a participant through the study outlined

3.2. Scale and Surveys

The survey contains 2 main parts. All information gathered about the participants is
handled in accordance with GDPR. All data was pseudonymised to researchers and
all released data was anonymised. As this research was performed as an internal test
within Volvo, each participant was required to sign an agreement of participating in
the study, a "Non-Disclosure Agreement” regarding some of the materials used in
the project and a document regarding "Consent to Media Documentation and Pro-
cessing” for the handling of their data within Volvo and its use for this study. Further
ethical and societal considerations are discussed in section

3.2.1. Part 1: Demographics and Driving Related Data

These questions are general information, like age, gender etc. and also information
related to self-assessment of driving habits and experience. The questions in Table
were adapted from other recent research in the field from Huang, He, Wen and Yan
(2023).

3.2.2. Part 2: Mental Model assessment

These are questions chosen to assess how well a driver understands the abilities and
limitations of the ADAS features.

The questions are an adaptation of the questionnaire from research done by Huang,
He, Wen and Yan (2023). To simplify the questionnaire it only contains text, the
image references have been removed. To fit the driving platform that we are using
for testing and that the participants are familiar with, each reference to Advanced
Driving Assistance Systems has been logically replaced with Pilot Assist.

One example that illustrates the point of a true statement regarding Pilot Assist is:
“"When you drive with PA on, if the vehicle in front is slow, the system can automat-
ically change lanes.” (Question nr. 3 in Table



Table 1 Questions in the survey, extracted variables and their distributions

Variable

Description

Distributions

The age of the participants in years Age p=44.3,0 =10.1
Min: 27, Max: 58
The gender of the participants Gender - Male (n = 18)
- Female (n = 0)
The model of vehicle owned Vehicle Model - EX30 (n = 15)
-EXg9o (n=2)
-PS3(n=1)
How often participants drive Driving - Daily (n = 16)
Frequency - Weekly (n = 2)

- Monthly (n = 0)
- Yearly (n = 0)

Years since obtaining driver’s license

Years of Licen-
sure

pw=254,0=10.5
Min: 5, Max: 40

Average weekly driving distance Weekly - <100 km (n = 4)
Distance -100-299 km (n = 8)
->300 km (n = 6)
Whether vehicle has Pilot Assist PA Availability | - Equipped (n = 18)
- Not equipped (n = 0)
Duration of Pilot Assist experience PA Experience - <1month (n=1)
- 1-6 months (n = 6)
- 6-12 months (n = 2)
->1year (n=9)
How often Pilot Assist is used PA Frequency - Daily (n = 9)
- Weekly (n = 6)
- Monthly (n = 1)
- Rarely (n = 2)
Familiarity with Pilot Assist system PA Familiarity w=490=11
Min: 3, Max: 6
Any accidents while using Pilot Assist | PA  Accident | -Yes(n=0)
History -No (n=18)
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Another example that illustrates the point of a false (noise) statement regarding Pilot
Assist is: "When you follow a lead vehicle with PA on, if the pre-set speed is larger
than the speed of the lead vehicle, the system could keep a pre-set distance to the
lead vehicle.” (Question nr. 24 in Table|5)

The answers to the question, specific to Pilot Assist, were answered and cross-referenced
by multiple people, including a Volvo employee heavily involved in the creation of the
Pilot Assist system.

3.3. Participants

Figure 2 The SPA2 platform participants drive

Through an internal e-mail invite and spread flyers, company employees with the
correct platform car were asked to participate in the study. We required drivers to
drive the same platform car as the simulator was based on, which includes the fol-
lowing cars: Volvo EX30, EX90, and the Polestar 3. The request for participants to
drive a car with the SPA2 platform was chosen as a filter to ensure similarity between
ADAS activation and indication in the simulator. Due to the limited number of cars
built on this platform stemming from its more recent release, no other restrictions
were put on the selection process for participants. Through the invite and flyer cam-
paign, we were able to get 18 Volvo Cars employees to participate. Figure[2|shows an
accurate mock-up of the platform, with an information screen behind the steering
wheel and a central screen on the right located in between the driver and passenger.

3.4. Data Analysis

To measure the understanding of a driver’s mental model, this research focuses on
two metrics from signal detection theory: sensitivity (d) and bias (¢). The Signal De-
tection Theory measurements are derived from the Likert scale questions. To avoid
arbitrarily binarizing the answers we can use fuzzy SDT as first proposed by Parasur-
aman et al) (2000), which extends classical SDT to analyse continuous confidence
ratings while maintaining the four fundamental outcome states shown in Table

11



The four states: hit, miss, false alarm and correct rejection, represent all possible
combinations of signal presence (the actual state of an ADAS ) and observer response
(participant’s answer).

Table 2 Signal Detection Theory Outcome Matrix

Signal State Yes No
Present HitTd Miss?
Absent False AlarmB | Correct Rejection®

1. Correct Detection (True Positive), 2. Missed Detection (False Negative),
3. False Alarm (False Positive), 4. Correct Rejection (True Negative)

All states of the world are calculated and tallied for each question using the formulas
{4) (Parasuraman et al.,[2000).

Hit = min(r, s) (1)

Miss = max(s — r,0) (2)

False Alarm = max(r — s,0) (3)
Correct Rejection = min(1 —s,1 —r) (4)

5— |PR; — 6|

where, 1 = , which stands for the probability of the response (i.e., the

confidence of answering “yes”). s stands for the probability of a signal as described
in equation

1 signal present
s :{ sha b (5)

0 signal absent

The formulas[i]and [4]use of the minimum (min) function can be interpreted as quan-
tifying the degree of overlap between the fuzzy state of the real world and the partici-
pant’s fuzzy answer that is either Yes or No. The use of the maximum (max) function
in[2/and (3| can be seen as the degree of over-confidence (r > s) or under-confidence
(r<s).

Using these four states we can calculate the hit rate p( /) and false alarm rate p(F A).

B Hits
" Hits + Misses

p(H)
False Alarms

FA) =
p(F4) False Alarms + Correct Rejections @)

(6)

As extreme hit rates and false alarm rates (i.e., 0 or 1) can cause impossible calcula-
tions (dividing by 0), the values were adjusted using the following methods suggested
in Hautus (1995) as aligned with other research (Huang et al.,[2024)).

Finally, the desired values for sensitivity (d) and bias (¢) were obtained using the
equations|[8|and [g|respectively:

12



d' = z(p(FA)) — 2(p(H)) (8)
¢=0.5x (z(p(H)) + z(p(FA))) (9)

Here z() is the function that transforms the probability into z-scores. The calcula-
tions of p(H), p(FA), d and ¢ were done manually and checked using the psycho
package in R (Makowski, 2018]).

The change of sensitivity for each participant across the intervention is then calcu-
lated simply as follows:

Ad =d d (10)

post — “pre

13



4. Implementation

The implementation consists of the intervention used to teach the Pilot Assist fea-
tures to participants. The main parts that are central to the project are as follows.
The realistic integration of the simulated driver information screen behind the wheel,
shows important information regarding the current state of the car. The steering
wheel module that allows for realistic car controls using the steering wheel, its but-
tons and the gas/brake pedals. Lastly, the centre screen on which the simulated driv-
ing environment is displayed.

One important factor in designing the system is keeping a grounded connection be-
tween reality and the implementation of the simulator. As the aim of the project is to
transfer skills from simulator to reality, keeping the connection is vital to allow for
this. This is done by keeping the location of where the ADAS features status is shown
consistent between the real car and the simulator, meaning the accuracy of the DIM
is important.

4.1. Car Environment

To simulate the usage of the tutorial in an actual car, a simulated car environment is
created with the necessary features in place to activate and interact with the ADAS
features of the car.

Figure 3 The car environment hardware in the quarter of a car layout

The physical interior as displayed in Figure |3|is a combination of parts from a real
Volvo car and prototype hardware, including a steering wheel, with stalks, displays
and pedals. There are two displays in the car: a centre touch display (CSD) and

14



a small display behind the steering wheel (DIM). The steering wheel and pedals
are connected to a hardware package from Fanatec, which provides force feedback
through the steering wheel. This is essential for simulating the feeling of the ADAS.
The system backend is powered by two separate computers, running different oper-
ating system. The Windows computer is primarily responsible for running the inter-
active game and is directly connected to the CSD. The Linux computer is responsible
for running a separate system named Midgard. Which is used for simulating the
DIM similar to how it would operate in a real car. It is also responsible for managing
signalling from steering wheel switches and stalks and communicating this with the
Windows computer. An overview diagram of the entire system and its connections
is displayed in Figure

Linux Computer Windows Computer
Translator
il + F—— Product
L2 MQTT Simulator

Figure 4 A diagram showing the connections of each system and their interactions

4.1.1. Midgard

Midgard is an internal Volvo application used for simulating screens within proto-
type cars, mainly used for the DIM and CSD. A full state machine of the cars’ logic is
created, which can be changed through MQTT (Message Queuing Telemetry Trans-
port) messages. This system is controlled by the central simulator and updated to
show the correct information.

15



4.2. Simulator

The simulator is built upon an internal full car simulator project, which itself is built
in the game engine: Unity (Unity Technologies, 2023)). The project contains an ac-
curate simulated car with controls, a driving environment (e.g. a highway) and a
simulated physical car. On top of this project, a series of informative tutorials are
built that guide the user through the Pilot Assist features.

4.3. Tutorial Design

The tutorial inspired by similar research on designed car simulators shows the need
for common situations and edge-case scenarios. Due to limited design and imple-
mentation time, the tutorial consists of 4 essential introductory segments (handling
basic driving, Adaptive Cruise Control, ACC Follow Car, Steering Capability) and
a final test segment. Figure 8/ shows the interaction with the simulator during the
basic driving section of the tutorial. The method for teaching information, like the
action for system activation, is shown in[5| Figure [6|shows how behaviour is taught
through the simulation, depicting the car driving behind a slower car, which will re-
act by adapting the speed to match. A more complex scenario is depicted in Figure
[7} with a fallen tree and a stopped truck blocking the easy path on the highway.

The final segment’s edge cases for Pilot Assist are inspired by another study on chang-
ing mental models of ADAS using a simulator, which concluded that both basic and
edge-case events help drivers improve their mental model (Pradhan et al., 2023).
The final segment uses the edge-cases as listed in Table

Table 3 Listed edge-case events used in the tutorial’s final testing section

Nr. Edge-case Events Description

The driver encounters traffic cones that are
1 Traffic cones placed near the shoulder, slightly encroaching
into the right lane
o Car on the right | The driver encounters parked cars on the right
shoulder shoulder
Non-standard- The driver encounters a non-standard vehicle
3 shaped lead vehicle (e.g., tow truck, construction vehicle)
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To enable ACC, pull down the
right stalk all the way whilst
driving at min. 30 Km/h

Normally Pilot Assist would
also partially control your
steering. For now you are still
in control of all steering!

Figure 5 A screenshot of an instruction panel in the simulator highlighting the
method for activating Adaptive Cruise Control

Figure 6 A screenshot of the lead-vehicle scenario in the simulator depicting the
behaviour of Adaptive Cruise Control when a slower vehicle is approached.
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Figure 7 A screenshot of the complex scenario in the simulator depicting an edge-
case with multiple odd-shaped objects on the road, like a truck and fallen tree.

Figure 8 A photo of someone driving in the simulator using the steering wheel
and the pedals.




5. Results

5.1. Sensitivity and Bias

Using sensitivity and bias we can get a separated objective understanding and bias
of participants mental model of the system before and after the intervention.

The sensitivity of participants before the intervention was on average p = 1.36 with
standard deviation o = 0.44. After the intervention this same group’s sensitivity
became ;. = 1.51 with standard deviation o = 0.51. The change in sensitivity was a
small, but significant change given a paired-samples t-test p = .041 and #(17) = 1.85.
Given these results the primary null-hypothesis H pg is rejected, showing a significant
improvement from before to after the intervention.

The bias of participants before the intervention was on average 1 = —0.03 with
standard deviation o = 0.21. After the intervention this same group’s bias became
i = —0.05 with standard deviation o = 0.25. Analysis showed that there was no
significant change when comparing before and after the intervention given a paired-
samples t-test p = .34. These results show that we fail to reject the secondary null-
hypothesis Hg, for the convergence of bias.

To illustrate these results better, Figure [g] shows a complex box plot that highlight
the distribution of the sensitivity and bias measure before and after the intervention.

Signal Detection Theory Measures
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Figure 9 Box plots comparing d’ (sensitivity) and c (bias) before and after the
learning intervention. The left panel highlights the mean change (A).
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5.2. A Sensitivity

From the gathered demographic data, the participant’s age, self-reported under-
standing, duration of ownership of PA car, weekly driving distance and self-reported
Pilot Assist usage are used. Due to minimal variation in the variables gender, car
model, driving frequency, Pilot Assist equipped car status and Pilot Assist accidents
(e.g., majority male participants, mostly EX30 drivers, predominantly daily drivers,
all Pilot Assist equipped cars and no reported accidents) these factors were excluded
from the main statistical analysis. However, their lack of variation is addressed in
section [6], where the impact of this on the study’s generalizability is examined.

5.2.1. Continuous Variables

To analyse the impact of specific demographic variables on the change of objective
understanding (A Sensitivity) of the simulator, each continuous variable is analysed
across it using a scatter plot. Each dot represents a participant’s result. A linear
regression line is fitted to the data and overlaid with its shadow showing the 95%
confidence interval. The results for the demographic variables age, driving experi-
ence, self-rated Pilot Assist understanding and Pilot Assist ownership duration are
displayed in Figure
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Figure10 Changein sensitivity (A Sensitivity) vs. driver characteristics (age, driv-
ing experience, Pilot Assist understanding, ownership duration), with linear regres-
sion (red line) and 95% confidence interval (shaded area). p indicates Spearman
correlation.

20



5.2.2. Categorical Variables

To analyse the impact of the categorical variables a finite option variation of the con-
tinuous approach is used. With boxplots, the distribution of the change in sensitivity
is outlined for each option of the variable. The analysis of the change in sensitivity
for both Driving Distance and Pilot Assist Usage is displayed in Figure
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Figure 11 Change in mental model sensitivity (Ad") separated by categorical de-
mographic variables: (Left) Average weekly driving distance (km) and (Right) Self-
reported frequency of Pilot Assist usage.
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6. Discussion

Sensitivity was positively affected by the driving intervention, showing an increase
of 11.4% after the intervention. This effect appears to be small, but significant, given
p < 0.05. The size of this change being small appears more logical when comparing
the participants to other research.

Huang et al.| (2024)) also implores the use of sensitivity and bias for its analysis of
participants’ ADAS mental models. By combining this study’s category-specific re-
sults for sensitivity and bias (ACC, LCC, beyond and limitation) into one, we get the
values in the Appendix Table |4l From this paper, we see that the average sensitivity
value of all participants in that study was at ; = 0.325 with ¢ = 0.57. When compar-
ing that to the average sensitivity of this study’s participants, we see a stark contrast
in the participants’ knowledge. The average starting sensitivity score of participants
is u = 1.36,0 = 0.44. Due to the nature of participant selection being from Volvo
Employees, this stark difference makes sense. So it can be expected for this group to
have a good starting mental model.

The results from the analyses indicate that the bias was unaffected when compar-
ing the scores before and after the intervention. The average is already quite close
to zero, but there was also no significant change in the distribution. Given the al-
ready low bias of these participants, it was not possible to reject the secondary null
hypothesis for this above-average group.

From the analysis of the continuous demographic variables we can see that as factors
like age, driving experience and Pilot Assist ownership duration go up, the amount of
change in sensitivity decreases with a Spearman correlation value p of —0.36, —0.27
and —0.39 respectively. Self-rated Pilot Assist Understanding seemed to have barely
a small effect on the sensitivity change.

Regarding the categorical variables, driving distance also seems to have a reversed
influence on the change in sensitivity as participants with a driving distance < 100
km per week show the highest improvement. Pilot Assist usage also seems to show a
similar result, with infrequent drivers showing a higher improvement. However, the
lack of participants who report weekly Pilot Assist usage, it is difficult to draw very
clear conclusions from the data.

Looking at the demographics of the participants in this study some things are impor-
tant to note. Firstly, all 18 participants were male, due to the limited pool of partici-
pants that could participate. This does not have a direct impact on the thesis’s results,
but the effect of this bias should be considered as the effect of the intervention may
differ between genders. Another near-universal characteristic was that most partic-
ipants drove the EX30 model, likely due to the lower price point and earlier release
date and therefore higher availability on the market. The fact that participants were
predominantly daily drivers checks out with the fact that most participants likely got
the cars as company cars, intended for daily driving commutes. The questions related
to pilot assist equipped car status and accident history were done in accordance with
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other studies, as a measure to make sure to catch potential edge case situations.

As the simulation was created in a time limited project, not all aspects of the inter-
action with the car, its behavior and the ADAS reaction to certain scenarios, could
be exactly replicated. Some of these differences caused some of the very experienced
drivers to be confused about behaviours perceived during the intervention.

6.1. Ethics and Societal Considerations

This study was conducted as part of an internal project with Volvo Cars, and all par-
ticipants were employees of the company. While all procedures adhered to GDPR
regulations, the participant selection still warrants important ethical and societal
considerations. Specifically, the context of employment may influence participants’
responses or attitudes toward the intervention, due to perceived expectations associ-
ated with being a Volvo Cars employee. Furthermore, the issue of participant diver-
sity is worsened by the lack of variation in both gender and driving experience. Fu-
ture research should therefore aim to include demographically diverse participants
to ensure better generalisability of findings presented in this thesis.
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7. Conclusion

This thesis set out to design a simulation-based educational game, which was then
evaluated with the aim of improving drivers’ mental model sensitivity and bias re-
garding Volvo’s Pilot Assist ADAS. The results indicate a statistically significant im-
provement in sensitivity following the intervention, with an average increase of 11.4%.
Whilst this increase is small, it is relevant to consider the already high baseline sensi-
tivity among participants, who were all Volvo employees. Bias did not show a signif-
icant change across the intervention. This result could be caused by the participants’
pre-existing knowledge of the system or the simulator’s slight differences from real-
ity.

Demographic analysis revealed that increases in age, driving experience and Pilot As-
sist ownership duration were weakly associated with smaller improvement, whilst
those who drove less or used Pilot Assist less frequently showed greater improve-
ment. This logically speaks to the fact that people with less well-developed mental
models have more benefit to learning within a teaching intervention like the one anal-
ysed in this thesis. Participation in a simulation-based learning course should there-
fore be something that is introduced shortly after the purchase of a vehicle equipped
with Pilot Assist. As to prevent a bias from building up and achieving the biggest
effect on their mental model.

This research was limited in size, lack of gender, vehicle and participant diversity.
These factors constrain the generalisability of these findings. However, the results
presented in this thesis offer encouraging evidence that an interactive, simulation-
based training tool can enhance mental model sensitivity for Advanced Drivers Au-
tomation Systems.

Future work should expand on the implementation of the simulator, including more
edge-case scenarios into the design. It should also closer inspect the effect of the
improved understanding of the system on driver behavior as that is the only way to
know if the desired affect has been achieved.
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A. Appendices

A.1. External SDT Metrics Calculations

Table 4 Averaged sensitivity and bias measurements from Huang et al. (2024))

Mean

. . o
Metric D) SD Min Max 95% CI

d’ 0.325 0.57 —2.5 2.5 [0.26, 0.39]
c —0.975 0.56 —1.6 1.4 [-1.05, —0.90]

A.2. Mental Model Questionnaire
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No. Statement Description

Table 5

L When you drive in an empty lane with PA on, the system could keep the vehicle at a
pre-set speed.

5 When you follow a lead vehicle with PA on, if the pre-set speed is larger than the speed
of the lead vehicle, the system could keep a pre-set distance to the lead vehicle.
When you drive in a lane with PA on, the system may automatically adjust the steering

3 wheel to keep the vehicle in the center of the lane.
When you drive with PA on, the system could react to a static object in the lane (e.g., a

4 stopped lead vehicle due to red light).
When you drive with PA on, the system could react to the vehicle that was about to cut

5 in at the moment when the turning signal is on.

6 When you drive with PA on, the system could react to the vehicle that was about to cut
in at the moment when the wheel was over the lane mark.
When you drive with PA on, the system could react to the vehicle that was about to cut

7 in at the moment when half of the vehicle was in the ego-lane.

3 When you drive with PA on, the system will automatically slow down when entering a
curve.

9 When you drive with PA on, the system will exit when you press the brake pedal.

10 When the lane marks are clear, the PA system in your vehicle could work on urban
roads.

11 | You can use the PA very safely on urban roads.

12 | When you drive with PA on, the system will alert you if human intervention is required.

13 When you drive with PA on and stop at the traffic light, the system will automatically
follow the lead vehicle when it moves again after a period of time.

14 | Whenyou drive with PA on, the system could react to vehicles approaching from behind.

15 When you drive with PA on, the system allows you to drive faster than the pre-set speed
if you press the accelerator pedal.

6 When you drive with PA on, the system may require you to take over when running on
a curve with small radius.

17 When you drive with PA on, the system may require you to take over when running on
a curve with large radius.

18 | When you drive with PA on, the system can recognize and react to traffic lights.

19 When you drive with PA on, in some cases, the system can slow down to a complete
stop.

20 | With clear lane markings, you can activate the PA at any speed (e.g., below 30 km/h).
When you drive with PA on, the system can recognize road traffic signs (e.g., speed limit

21 . . . .
signs) and automatically adjust the set speed accordingly.
When you drive with PA on, the system can react to a motorcycle or electric bicycle

22 L7 N
driving in front of the vehicle in the ego-lane.

23 When you drive with PA on, if the speed exceeds the current road speed limit, the system
will alert you.

24 When you drive with PA on, if the vehicle in front is slow, the system can automatically
change lanes.

25 When you drive with PA on, the system will automatically change lanes if there is a
stationary object in front of the lane (e.g., a parked vehicle).

N




No. | Statement Description

6 When you drive with PA on, the vehicle will not react to your action of turning the
steering wheel.
27 | When you drive with PA on, the system will exit if you manually turn on the turn signal.
When you drive with PA on, the system will follow your acceleration command when
28 | you press the accelerator pedal, but when you release the accelerator pedal, the system
will return to a pre-set speed.
29 When you drive with PA on, you can directly control the direction of the vehicle if you
manually turn the steering wheel.
o When you drive with PA on, if your eyes are off the road for an extended period of time,
3 the system will alert you.
) When you drive with PA on, the system will alert you if your hands are off the wheel for
3 an extended period of time.
When you drive with PA on, if your eyes are off the road for an extended period of time
32 . . oy
and you ignore the system alarms (if any), the system will exit.
When you drive with PA on, if your hands are off the wheel for an extended period of
33 | time and you ignore the system alarms (if any), the system will exit.
When you drive with PA on, if your eyes are off the road for an extended period of time
34 | and you ignore the system alarms (if any), the system will stop the vehicle and turn on
the hazard lights.
When you drive with PA on, if your hands are off the wheel for an extended period of
35 | time and you ignore the system alarms (if any), the system will stop the vehicle and turn
on the hazard lights.
When you drive with PA on, if the lane markings on the road are unclear or there are
36 . . ;i
no lane markings, the system may have difficulties.
When you drive with PA on, the system may have difficulties when ego lane divides
37 (e.g., highway exit) or multiple lane merge (e.g., ramp joining the highway).
38 When you drive with PA on, if the lane markings are not clear, the system may have
difficulties switching lanes.
When you drive with PA on, if the traffic is heavy, the system may have difficulties
39 changing lanes.
o When you drive with PA on, the system may have difficulties when the on-board sensors
4 (such as cameras, radar, etc.) are dirty or blocked.
L When you drive with PA on, the system may have difficulties driving in poor weather
4 conditions (e.g., heavy rain, heavy snow, fog).
5 When you drive with PA on, the system may have difficulties when the roads are slippery
4 (e.g., wet ground and icy ground).
When you drive with PA on, the system may have difficulties when the signal of satellite-
43 | based navigation systems (e.g., GPS) is weak.
44 | When you drive with PA on, the system may have difficulties driving through the tunnel.
When you drive with PA on, the system may have difficulties when there are reflections
45 | on the road surface (e.g., light from the sun).
6 When you drive with PA on, the system may have difficulties when there are only lane
4 markings on one side of the road.
When you drive with PA on, the system may have difficulties when there is a construc-
47 | tion area on the road.
3 When you drive with PA on, the system may have difficulties when there are traffic
4 cones on the road.
When you drive with PA on, the system may have difficulties distinguishing between
49| 50lid and dashed lane markings on the road.
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