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Executive Summary 
This deliverable describes a driver behavior model for drivers of partly automated vehicles (AV-DBM), its 
background and the process of its development.  
The first chapter relates the skills and processes needed for driving traditional cars to driving partially 
automated vehicles and provides an overview of the steps in the development of the AV-DBM. This is followed 
by a short overview of selected driver behavior models mainly concerned with manual driving. These were 
selected due to their common theme of including feelings of comfort and risk as critical factors for driving 
behavior.  
Chapter two presents existing research into psychological concepts that are relevant for the manual driving 
task, for operating automated systems, or both. The psychological concepts and previous DBMs are then 
modified and extended to be applicable to drivers of automated vehicles at different levels of automation. A 
central concept in the AV-DBM is meta-monitoring – the drivers’ surveillance of the driving task and potential 
transition requirements, which is closely related to situation awareness.  
The AV-DBM describes the driving task as consisting of two loops: The driving loop and meta-monitoring. The 
driving loop is similar to manual driving, though the driver can be involved only in certain tasks but not in 
others. Meta-monitoring refers to the drivers’ additional task of monitoring the execution of the driving task, 
whether the driver or the AV is in control.  
While the driving loop relates to driving performance (e.g., rule compliance, accident involvement), the main 
outcome of meta-monitoring is transitioning between automated and manual driving, i.e. take-overs. The 
transition from automated to manual driving is particularly safety-relevant, for instance if the driver is 
neglecting the meta-monitoring task and fails to take over control in a critical situation. 
Other central concepts in the AV-DBM are the drivers’ expectations, learning processes, motives, and 
preferences, including general preferences regarding driving AVs and more specific preferences regarding 
their mental state while driving.  
In chapter three, these concepts are explained with their specific relevance for the model as well as the 
assumed relationship between the model variables. The variables also differ in how stable they are over time 
and the degree to which they may be affected by experience with AV driving.  
The driver’s preferences with regard to AV driving may be affected by the driver’s personality (e.g., sensation 
seeking, control preferences) and are assumed to be quite stable and the most important factor for defining 
driver profiles. Expectations, learning and behavioral adaptation are strongly dependent on experience with 
AV driving and are assumed to change over time, while the driver’s state is current and depends on factors 
both external (e.g., sleep deprivation) and related to the driving task itself (e.g., monotony) which can result 
in decreased meta-monitoring.  
Chapter four summarizes the results from several other tasks and pilots within the Drive2theFuture project 
that are relevant for the AV-DBM. The results from a real life trial in Norway are consistent with the current 
version of the AV-DBM, where take-over frequency appears to change over time, likely related to the shuttle 
stewards adjusting their expectations of the AVs behavior after experiencing its interactions with other road 
users.  
Additionally, in-depth investigations into accidents involving AVs are viewed in relation to the AV-DBM. 
Partially automated vehicles introduce the specific challenge of keeping the driver attentive also when the 
manual driving task is conducted by the vehicle. Factors from AV accidents that seem particularly relevant are 
the detection of objects and vulnerable road users, where meta-monitoring and the driver’s expectations of 
the AVs capabilities are critical, as well as interaction with other road users, where the expectations of other 
road users also become relevant.  
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1. Introduction 

1.1. Purpose of the Document 
The purpose of this document is to describe the development of a driver behavior model (DBM) for drivers of 
partly automated vehicles (AVs), an AV-DBM.  

To develop the model, a literature review has been conducted, focusing on previous driver behavior models 
(for drivers of non-automated vehicles) and concepts that are relevant in the context of AV driving. 
Additionally, results from other relevant work packages and pilots within the Drive2theFuture project have 
been reviewed.  

The document has been developed in two phases: A first phase including the literature review and initial 
results from other parts of the Drive2theFuture project, and a second phase in which further results from 
other parts of the Drive2theFuture project have been incorporated into the model.  

1.2. Intended audience 
The intended audience of this document are all who are interested in the development of automated driving, 
including both researchers, especially psychologists, and practitioners.   

1.3. Interrelations 
Parts of this document, sections of chapter 2 Literature review and chapter 4 Hypothesis testing, have been 
developed in cooperation with partners in the Drive2the Future consortium.  

1.4. Background 
Human drivers are normally quite successful in handling the risks of traffic. Most drivers drive through a whole 
lifetime without a single injury accident. Most of the time, they act more or less in an automated state in which 
risks are handled continuously and automatically without much conscious information processing. 
This applies to driving traditional cars and is still relevant when it comes to (partially) automated vehicles. The 
continuous and mostly automatic processes that contribute to the driver keeping control over the vehicle and 
the driving situation will be described in a DBM for drivers of AVs (AV-DBM). The starting point for the AV-
DBM are three previously developed models: 

• Fuller’s Risk Allostasis Model (RAT; Fuller, 2007, 2008, 2011) 
• Summala’s Multiple Comfort Zone Model (Summala, 2005, 2007) 
• Vaa’s Risk Monitor Model (RMM; Vaa, 2007, 2013a,b).  

The main emphasis will be on the RMM that has been developed at TØI. The RMM is based on neuroscience 
and the axiom that survival is the most basic motive for human beings. It states that the continuous appraisal 
of risk is the primary activity of a car driver (who is alert, awake, and sober). Distractions may occur, but only 
for very short periods of time (normally not more than about 700 msec).  
The RMM predicts that the introduction of AV-functions may become a threat to safety. AV functions may 
affect the drivers’ attention, information processing, perceptions of the driving situation, and readiness to act, 
amongst other things. The drivers’ perceived level of risk may decrease, and the continuous monitoring of risk 
may deteriorate. Thus, the divers’ readiness and ability to act properly, especially in emergencies may 
decrease.  
On this background, there are two general (not mutually exclusive) options how AVs can ensure driving at a 
level of safety that is not worse than under manual driving:  
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• The AV acts at least as rapidly and safely as an experienced driver. This implies that the human driver 
is completely taken “out of the loop”, at least in certain situations, but as long as the vehicle is not 
fully automated, the driver may always be required to go back “into the loop”. 

• The AV acts in a way that avoids deterioration of the drivers’ risk monitoring and readiness and 
capability to act – which implies that the driver cannot be taken “out of the loop”.  

The main question is how drivers react to being taken out of the loop, partially or completely, and how this 
affects their driving performance in situations where they are still “in the loop” or rapidly has to go back “into 
the loop”.  

1.5. Overview 
The main objective of task A2.4 is to develop a driver behavior model (DBM) that describes the behavior of 
human drivers of partially automated vehicles (AVs) at different levels of automation. Unlike other models 
developed within Drive2theFuture, the AV-DBM developed in the present deliverable focuses on the human 
driver and not on the “behavior” of AVs. 

Since the model focuses on human drivers, “AV” always include partially automated vehicles in this report. 
Fully automated vehicles do not have a human driver, but they are still relevant in this context: Firstly, even 
partially automated vehicles may drive by “autopilot” (and thus in a similar manner as fully automated 
vehicles) and secondly, fully automated vehicles may be interaction partners in traffic.  
The purpose of the AV-DBM is to provide knowledge that can be used to make the AV take control in a way 
where safety is maintained or even improved, especially in emergency situations. It describes the driver’s 
information processing while driving an AV, with the main focus on driving in a wholly or partially automated 
mode and on transitions between automated and manual driving. It also describes learning and adaptation 
processes of the driver to the AV.   
«Model» can in this context be defined as an «assembly or structure of variables which influences driver 
behavior, with hypotheses about relationships between variables that can be tested empirically» (modified 
preliminary definition by Truls Vaa, Feb. 7, 2020). Variables are defined from a psychological perspective and 
relationships between variables are described qualitatively. The model is not meant to make precise 
quantitative predictions about specific driving parameters (for example, about speed changes in a certain 
situation).  

Within the Drive2theFuture project, the present deliverable is related to tasks and work packages (for more 
detail see chapter 4) as shown in Table 1.  In the left-most columns it is also indicated in which stage of model 
development contributions were made (see also section 1.6).   
 

Table 1. Overview of contributions to D2.3 from tasks and work packages within the Drive2theFuture project. 

Task, phase  Contribution to D2.3 

A2.1: Data gathering from relevant 
projects (1st stage) 

DEUSTO Data on behavior, accidents, incidents, and risk from 
previous projects: AV crashes and their implications for 
the development of the DBM (section 4.1) 

A2.2: Big Data analytics and data 
fusion (1st stage) 

TUM Literature review (situational awareness; see chapter 
3) 

A2.3: Simulation platform suite 
creation and scenarios realization 
(1st phase, updated in 2nd stage) 

NTUA Behavioral traffic modelling (microsimulation) 
Development of a methodology for data collection / 
processing from experiments with real vehicles on test 
tracks (section 4.2):  
 Identify user profiles in relation to legacy vehicles 

flow and vehicle to-vehicle interactions 
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Task, phase  Contribution to D2.3 
 Develop behavioral change models (as input to 

A2.4) 
 (Identify rules that govern human behavior in 

mixed traffic (pedestrians, cyclists, PTW), necessary 
for agent-based traffic modelling.) 

A2.4: Behavioral models TØI Development of the AV-DBM and hypotheses, testing 
of hypotheses (this deliverable) 

A7.2: Safety and security issues (1st 
stage, updated in 2nd stage) 

TØI Crash statistics and in-depth analysis of fatal accidents 
with AVs: Validation of the predictive capacity of the 
AV-DBM; a valid AV-DBM should be able to explain any 
accident involving an AV and to describe the 
underlying psychological mechanisms. 

RO-5: Automated shuttle trial 
interactions with cyclists in real 
traffic in Oslo (1st stage) 

TØI Lessons learned from interactions between stewards 
and fully automated shuttle buses in interactions with 
other road users. 

 

1.6. Steps in the development of the AV-DBM 
The AV-DBM has been developed in two stages which are described in the following.  

1.6.1. First stage 
The first stage of the development of the AV-DBM resulted in a preliminary AV-DBM, based on a literature 
review as well as input from Drive2theFuture-partners.  
The literature review focused on the following topics and questions: 
 Established driver behavior models: Risk allostasis theory, Multiple comfort zone model, and the Risk 

monitor model. These models were the starting point in the development of the AV-DBM. All of them 
refer to drivers of manually driven cars and they can therefore not directly be applied to drivers of 
AVs.  

 Psychological concepts in the AV-DBM: These are the central concepts in the AV-DBM that are 
described in chapter 2.2 (meta-monitoring and related concepts, learning, expectations, behavioral 
adaptation, driver state and workload, and driver attributes). The literature review focused mainly on 
studies that have investigated these concepts in the context of driving.  

Input from Drive2theFuture-partners includes information that is used in initial model development. The 
input is described in chapter 4. The following sections of chapter 4 were developed during the first stage: 
 Task A2.1 (DEUSTO): Aggregated data on behavior, accidents, incidents, and risk 
 Task A2.3 (NTUA): Behavioral traffic modelling 
 Task A7.2 (TØI): Safety and security issues. 
 Pilot RO-1 (TØI): Autobus real life trial, Norway. 

1.6.2. Second stage 
The aim of the second stage, was to use input from other parts of the Drive2theFuture project to further 
elaborate the AV-DBM that has been developed in the first stage. None of the other activities within 
Drive2theFuture were explicitly designed for testing predictions from the AV-DBM. Thus, we incorporated 
results into the AV-DBM by linking either empirical results or conceptual approaches to parts of the AV-DBM.  
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In the second stage, updates of the contributions from tasks A2.1, A2.3 and A7.2 were included into model 
development.  
Also other results from the Drive2theFuture project have been included in stage 2:  
 Deliverable D1.2: Acceptance Risk Assessment 
 Deliverable D2.5: 1st revision of D2.2 Sentiment analysis on social media. 

Amendments and adjustments that were made to the model during the second stage include:  
 Meta-monitoring and related concepts: Overreliance on technology added to related concepts (based 

on Deliverable D1.2).  
 Learning: Refined description of the learning process (based on task A2.3) 
 Preferences: Further elaboration and addition of affective responses to AVs (based on tasks A2.1 and 

A7.2, as well as Deliverables D1.2 and D2.5, and input from A2.2). 

1.7. The way ahead: Practical relevance 
While vehicles are becoming increasingly automated, human drivers will – at least for the time being - still 
remain responsible for their vehicle and they will also remain in charge of relevant tasks as operators of the 
vehicle. However, their role as vehicle operators and the type of tasks are changing and their behavior may 
change as a consequence of adaptation to increasing automation. Therefore, DBMs in the context of increasing 
automation are of great practical relevance. Some aspects of the practical relevance are discussed in the 
following.  
The development of increasingly automated vehicles and their gradual uptake in the car fleet will lead to 
increasing numbers of interactions between vehicles at different levels of automation as well as between AVs 
and non-automated road users, such as pedestrians, cyclists, and motorcyclists. DBMs are the basis for 
developing and testing hypotheses about how human drivers will adapt to increasing levels of automation, 
how interactions in road traffic may be affected, which consequences this will have for traffic safety, and which 
implications this has for the further development of AVs.  
A core question in the interaction of human driven vehicles and AVs is how drivers learn to cope with the 
different demands, ranging from the individual learning of the human driver to the fleet learning of new, 
improved algorithms collected by AVs and distributed to the same group of AVs. Human drivers accumulate 
experience and they may develop more and more sophisticated schemas to avoid accidents. These schemes 
are likely to vary greatly between different levels of automatization. Thus, it is important to understand how 
the design of AVs (or specific automatized functions) affect the drivers’ learning processes.  
In addition to the drivers of AVs, other road users also are likely to adapt to the behavior of drivers of AVs or 
the “behavior” of fully automated vehicles. These adaptations may affect the drivers’ behavior. Thus, mutual 
adaptation and learning processes are likely to occur between AV drivers and other road users. Both learning 
and mutual adaptation processes will be addressed in the development of the AV-DBM.  
Regarding the implementation of AVs, there are several possible scenarios:  
 Partial automation only: Driver Support Systems will continue to be developed, such as AEB, ACC, 

CACC, ISA, LDW, LKA, but vehicles will still require a human driver “in the loop” and not be fully 
automated.  

 Mix of partial and full automatization: Autonomous driving will be realized on parts of the road 
system, i.e. on roads certified for AV-driving. The physical design of vehicles, including the seating 
position of the driver, will remain about unchanged. Automatization will most likely be at SAE-level 3 
at maximum. 

 Full automatization: Autonomous driving is realized in full on all parts of the road infrastructure. This 
means that all vehicles are driverless, which also will change the physical design of the vehicles (e.g., 
there is no steering wheel, and any seating position is possible). 
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The AV-DBM that has been developed in the present report is mostly relevant for the two first scenarios and 
less for the last scenario in which there are no human drivers, only non-automated other road users, such as 
pedestrians and cyclists. However, the scenario of full automatization is still mostly theoretical and unlikely to 
be realized – at least at full deployment - within the next few decades. The present model development 
focuses on human driver behavior and not on the behavior of vulnerable road users.  
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2. Literature review 
In this chapter driver behavior models (originally developed for manual driving) are described (2.1), followed 
by descriptions of psychological concepts that are relevant for driver behavior models for human drivers of 
partially automated vehicles (2.2).  

2.1. A historical view on Driver Behavior Models 
Driver Behavior Models have been a paramount issue in road traffic research since Gibson and Crooks 
published their “Field of safe travel” in 1938. Gibson and Crooks were the first to describe the phenomenon 
of risk compensation. A crude summary of the development of DBMs and central concepts could be as follows: 

• 1960s-1970s: Driving as a self-paced task (Taylor, 1964; Näätänen & Summala 1974, 1976) 
• 1980s: Threat avoidance (Fuller, 1984) 
• 1980s-1990s: Risk compensation (Wilde 1982; 1988) 
• 2000s Convergence of DBMs based on neuroscience (Fuller 2007; Summala 2007; Vaa 2007) 

The above development shows the limitations of road safety research. The models are from “insiders” and 
only few perspectives and contributions are taken from “outsiders”. With outsiders we mean here scientists 
from other areas than road safety. However, there are some exceptions: Taylor used physiology and the 
Galvanic Skin Response, Fuller established his “threat avoidance” (learning theory) and Wilde developed the 
Risk Homeostasis Theory with concepts taken from economic theory.  
In the 1980s and 1990s, endless debates about risk compensation haunted the development of theories, and 
debates stranded somewhere in the 1990s, unresolved. Another unlucky phenomenon was the missing 
discussion of whether information processing and decision-making were mediated by automated 
(unconscious) or cognitive (conscious) processes. In our view, the difference was simply not reflected 
sufficiently, and the discussions went on as if all processes were cognitive.  
Then, in the 1990s, neuroscience emerged and finally found its way to the arena of road safety. Two 
publications had a major influence on the development of DBMs by focusing on evolution, emotions and 
feelings, and the channels by which information is processed and decisions made: 
 Damasio (1994) used evolution as the most relevant paradigm to understand behavioral adaptation, 

asserted that survival is the paramount motive for all and that emotions and feelings are the primary 
tools to achieve survival. 

 Bechara et al. (1997) demonstrated that individuals decide and act autonomously in searching for the 
best outcome without involving consciousness. 

These, at that time, new perspectives were integrated in a research program developing a new driver behavior 
model (Vaa, 2003). In retrospect, the adoption of neuroscience when elaborating DBMs, represents a 
paradigm shift in understanding driver behavior.  
In 2005, the EU-project HUMANIST Network of Excellence conducted a conference in Ispra, Italy, specifically 
dedicated to modelling driver behavior in automotive environments. Primus motor was Dr. P. Carlo Cacciabue 
from the Joint Research Centre. The starting point expressed by Dr. Cacciabue was the lack of proper models 
addressing driver behavior in the road traffic system, especially regarding the increasing amount of issues 
related to automotive systems. A committee came together and discussed names of theorists and researchers 
that should be invited to present papers addressing driver behavior models in automotive systems. The 
conference was held in May 2005 and in 2007 a conference book was published comprising 21 papers from 
pronounced researchers in this field (Cacciabue, 2007).  
What is here referred to as “An established platform addressing DBMs” consists of three models, all published 
in Cacciabue (2007): 

• Motivational Determinants of Control in the Driving Task (Fuller) 
• Towards Understanding Motivational and Emotional Factors in Driver Behavior: Comfort Through 

Satisfying (Summala) 
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• Modelling Driver Behavior on Basis of Emotions and Feelings: Intelligent Transport Systems and 
Behavioral Adaptations (Vaa). 

The justification for selecting just these three is their shared basis in neuroscience, i.e. adopting Damasio’s 
paradigm (1994). This paradigm shift is essential in opening “the neuroscientific door” for contemporary and 
future research in the field of road safety research. Further, all three have been developed further in making 
them well suited to state hypotheses to be tested in contexts associated with autonomous driving. 

The paradigm shift is briefly summarized in the following table which gives an overview of concepts that can 
be regarded as abandoned, and more recent concepts that more or less replace the abandoned ones:  
Table 2. Abandoned and evolving concepts within driver behavior models 

Abandoned concepts Evolving, alternative concepts 

Risk compensation Behavioral adaptation 

Driving as a self-paced task (Taylor) Adopted by Näätänen & Summala in their Zero-
risk theory 

Subjective risk / zero risk Comfort through satisfying, comfort zone 
(Summala) 

Homeostasis (Wilde) Functional balance (Vaa) 

Target level of risk (Wilde) Target feeling / best feeling (Vaa) 

Threat avoidance (Fuller) Learning theory, operant conditioning, 
neuroscience 

Task difficulty homeostasis (Fuller) Allostasis: Maintaining levels of biological 
conditions (Fuller) 

Information processing and decision-making 
unreflected cognitive (conscious) processes, no 
separation between conscious and unconscious 
processes (Wilde) 

Separating deliberately between unconscious 
processes (emotions) and conscious processes 
(feelings) and the idea of a threshold between 
emotions and feelings (Damasio) 

 
The following table gives a brief overview over the three DBMs that are most relevant in developing the AV-
DBM: 

Table 3. Brief overview of the three DBMs most relevant for developing the AV-DBM.  

Theory Key motivation factors 

Risk Allostasis Theory (RAT) (Fuller, 2011) Achieving stability (homeostasis) through physiological or 
behavioral change. 

Multiple Comfort Zone Model (Summala, 
2007) 

Seeking and adopting safety margins, achieving a feeling 
based on many definable processes which can be included 
under the umbrella concept of comfort (Summala, 2005). 

Risk Monitor Model (RMM) (Vaa 2013a; 
2013b) 

Target or “best” feeling, functional balance. 

 
These and other models are described in more detail in the following. Taken together these theories represent 
a consensus of debates that have taken place for several decades. They apply neuroscience and evolutionary 
theory to transfer risk compensation to the more comprehensive concept of behavioral adaptation, and they 
provide a satisfactory explanation of risk compensation that is based on learning theory and emotions and 
feelings. Hence, the building blocks and interrelated mechanisms of the three models converge towards a 
common understanding.  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 14 
 

2.1.1. Risk Allostasis Theory (RAT) 
Allostasis is defined as the process of achieving stability, or homeostasis, through physiological or behavioral 
change (Copstead & Banasik, 2013).  
Fuller’s Risk Allostasis Model (RAT; Fuller, 2007, 2008, 2011) states that drivers try to keep the feeling of risk 
within a preferred range. Thus, the feeling of risk is defining and controlling driving behavior. If the perceived 
feeling of risk exceeds the driver’s tolerable limits, he will change his behavior to maintain the feeling of risk 
within this range. The drivers’ self-regulation is illustrated in the following figure (from Fuller, 2011).  

 
Figure 1: Drivers’ self-regulation in risk allostasis theory (from Fuller, 2011). 

Task difficulty is in the RAT defined by the presence and behavior of other road users, road environment (road 
surface, visibility, etc.), vehicle characteristics, and the current speed and other driving parameters. It depends 
on the discrepancy between the driver’s available capability and the demands of the task. Task difficulty will 
increase as the discrepancy between the two decreases (Fuller, 2011). Several studies found strong 
correlations between the perceived task difficulty, speed choice, and the feeling of risk (Fuller, 2007; Fuller et 
al., 2008).   
The feeling of risk depends on the driver, his motivations, his capabilities, various human factors (fatigue, 
distraction, level of stress, etc.) as well as the environment surroundings. Speed choice and time or distance 
headways are some of the basic parameters the driver changes and adjust to maintain the feeling of risk within 
the desired range. 
Fuller’s model and theory have been used to explain driver behavior in different contexts. Amongst other 
things, they have been incorporated in car following models for various purposes. Hoogendoorn et al. (2013) 
and Saifuzzaman et al. (2015) have used the Risk Allostasis model for analyzing effects of driver distraction. 
Maximum acceleration, deceleration, speed and headway were found to be influenced by task difficulty 
(Hoogendoorn et al., 2013). Saifuzzaman et al. (2015) assumes that task demand increases proportionally with 
speed and more than proportionally with time headway. Furthermore, driver decisions have also been 
modelled in cases of autonomous driving and use of ACC for resuming manual control and adjusting target 
speed (Varotto, et al., 2017, 2018).    
Hypotheses derived from Fuller’s Risk Allostasis Theory and related models have been tested in a series of 
experiments published by Lewis-Evans and Rothengatter (2009) and Lewis-Evans, De Waard and Brookhuis 
Lewis-Evans et al 2010; 2011). These simulator experiments supported the relationship between perceived 
task difficulty and feeling of risk, and also that these are moderately related to ratings of comfort (Lewis-Evans 
& Rothengatter, 2009). However, instead of a linearly increasing trend for task difficulty and feeling of risk, 
their results indicated a threshold effect. This threshold effect was observed in two further simulator studies, 
where perceived task difficulty and feeling of risk seemed constant for different time headways until it 
decreased below a threshold of two seconds (Lewis-Evans et al., 2010) and for speed until participants drove 
faster than their preferred speed (Lewis-Evans et al., 2011). The authors argue that their results are more in 
support of threshold models than constant monitoring models, though their results also show small changes 
before the threshold, indicating some degree of constant monitoring (Lewis-Evans et al., 2011). 
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2.1.2. Multiple Comfort Zone Model 
Summala’s Multiple Comfort Zone model (2005, 2007) incorporates inhibitory and excitatory factors that 
influence drivers’ behavior and the safety margins he keeps to surrounding vehicles. According to this model, 
drivers tend to keep specific variables, such as time to collision, time to lane crossing, speed level and time 
headway, within a range that makes them feel comfortable, satisfied and free while driving. This comfort zone 
enables drivers to react properly in any situation that may occur. Additionally, it is considered that if the 
surrounding conditions create negative feelings to the driver, he tries to adjust his speed so that level of 
comfort can be restored.  
Among the factors that according to Summala (2005) affect driver behavior and the boundaries of his comfort 
zone, are: 

• Space and time around the driver and the vehicle 
• The vehicle  
• The road system (roadway complexity), including speed limits  
• The drivers experience, personal characteristics, and his response style in various situations.  

Additionally, Summala includes motivations other than safe driving, such as being in a hurry, being angry or 
sensation-seeking while driving for pleasure (Näätänen & Summala, 1974; Summala, 2007).  
Several empirical studies showed how different factors can influence the drivers comfort zone and behavior. 
For example, Kovaceva et al. (2018) analyzed driver’s behavior while overtaking cyclists in the real-world 
through a naturalistic driving study. Minimum approaching gap, minimum distance in the steering phase, 
lateral clearance as well as time to collision were the parameters used to define driver’s comfort zone 
boundaries. Minimum approaching gap and minimum distance in the steering phase were also used for 
analyzing behavior in case of pedestrian overtaking. Apart from these parameters, time headway and speed 
during the overtaking maneuver were used for implementing Summala’s model. Furthermore, Bärgman et al. 
(2015) tried to define and quantify driver’s comfort zone boundaries when turning left across the path of an 
oncoming vehicle. Participants were instructed to either drive comfortably or as if hurried and were afterwards 
asked to indicate both their perceived comfort and perceived risk (Bärgman et al., 2015). Drivers in the hurried 
condition allowed a shorter gap (time from the first vehicles leaves the zone where the cars’ trajectories 
intersect until the second vehicle enters this zone) than drivers in the comfortable driving condition. The 
hurried driving condition was also rated as more uncomfortable, riskier and more difficult, indicating that the 
drivers voluntarily adopted different safety margins and pushed themselves past the comfort boundary when 
they had the extra motive of being hurried.  
These findings may have some implications for the design of automated vehicles. Amongst other things, if 
automated functions are designed to prioritize safety, drivers with other motives might override these 
functions. For example, they may want to drive faster than the vehicles cruise control would allow them 
(because they like speed or are in a hurry. When drivers override automated functions, their safety benefits 
may diminish.  

2.1.3. Risk Monitor Model (RMM) 
The Risk Monitor Model (RMM) aims to describe and explain how risks in road traffic are handled by car drivers 
in the road system. It is based on evolutionary psychology and neuroscience. Evolutionary psychology holds 
that human behavior – emphasizing thinking, feeling, information-processing and decision-making – is the 
output of psychological adaptation that has evolved to solve recurrent problems in human’s evolutionary past 
(Confer et al., 2010). This view is supported by neuroscience and Damasio’s paradigm (Damasio, 1994) which 
axiomatically claims that survival is a human’s deepest motive. According to this paradigm, the ability of 
humans to monitor dangers in their surroundings has evolved through evolutionary processes. Monitoring 
dangers is based on sensing emotions and feelings.  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 16 
 

According to the RMM Vaa (2007, 2013a,b), risks in road traffic are monitored in the same way as other risks 
in the paradigm by Damasio. However, monitoring dangers in road traffic has not been subject to evolutionary 
processes. It therefore takes time for each driver to adapt the internal risk monitor to detecting hazards in 
road traffic (Vaa 2007; 2013a; 2013b). As a rule of thumb, a novice driver of 18 years of age needs seven years, 
or 100.000 km, to handle and learn all relevant schemas in road traffic which are needed to avoid accidents. 
The full model is shown in in Figure 3. 

 
Figure 2: The Risk Monitor Model (from Vaa, 2013a). 

 

2.1.3.1. Functional balance, target state, and monitoring 

A central concept in the RMM is functional balance. Functional balance means that drivers aim at achieving 
and/or maintaining a target state (Vaa, 2009). According to Damasio, organisms’ economy generally operate 
at their best when they are in a functional balance. This target state is in the RMM defined as a “best feeling”. 
The RMM states that drivers continuously and for the most part unconsciously monitor their emotions and 
feelings and act to achieve a “best feelings”. 
In other words, the driver is not (consciously or unconsciously) directly monitoring risk or task difficulty, but 
his own emotional state. Thus, the assumption of the existence of a “risk monitor” is not in contrast to the 
finding that the drivers subjective “risk monitor” only is triggered by exceptional events (Lewis-Evans et al., 
2011). In the RMM, the drivers emotional state is the link between the actual risk and task difficulty on the 
one side, and the “Monitor” on the other side.  

2.1.3.2. Emotions and feelings 

Damasio distinguishes between emotions and feelings. An emotion is what goes on in the body of the 
organism, more or less without involving consciousness, including changes in the state of the body that are 
induced autonomously when the organism is exposed to an external event. Feeling refers to processes of 
consciously experiencing changes of the body and the mental states (Damasio, 1994). Damasio distinguishes 
several levels and defines emotions and feelings as follows: 
 Primary emotions: Emotions that are innate and unconscious, corresponding to the neurobiological 

apparatus of the newborn infant, they are exclusively sub-cortical and directed towards the body 
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 Secondary emotions: Emotions that are learnt and based on individual experiences; they are 
predominantly unconscious or pre-conscious; they involve activation of numerous prefrontal cortices  

 Feelings: The process of “feeling an emotion”, of “making an emotion conscious”, to feel and 
transform changes in body states into conscious experiences; feelings can also be regarded as the 
(conscious) experience of body states impinged by external stimuli. 

Secondary emotions are especially important in the development of schemas that govern automated 
behavior. These are formed and accumulated by the learning history of the individual and they enable the 
body to react without involving conscious processes.  
In accordance with the concepts of emotions vs. feelings, there are two paths of information processing and 
decision-making:  

 One path is predominantly unconscious and involving primary and secondary emotions. 
 The other path is predominantly conscious and involving feelings.  

Both paths have in common that actions are regulated in a way that produces an optimal “account of feelings”.  

2.1.3.3. Orienting reflex 

The orienting reflex bridges the connection between emotions and feelings when appropriate stimuli are 
provided. It goes always in the same direction, i.e. from emotion to feeling. To feel an emotion, it is necessary, 
but not sufficient, that neural signals from the viscera, muscles, joints, and neuro-transmitter nuclei, i.e. all 
organs of the body that are emotionally activated, are redirected towards the neo-cortex and certain sub-
cortical nuclei. The signals from the body back to cortex go through endocrine and other chemical routes and 
reach the central nervous system via the bloodstream.  
The feelings then establish an association between an external object, say a given situation in traffic, and an 
emotional body state. Hence, by emotions and feelings, the individual is able to evaluate, consider, and choose 
between alternative acts in a situation that demands action.  

2.1.3.4. Learning 

Learning is a fundamental part of the pathways in the RMM in figure 1. According to the theory of operant 
conditioning, learning occurs according to the formula: 

SD   R  SR 

SD denotes the discriminative stimulus, R the response (operant), and SR the reinforcing stimulus (Atkinson et 
al., 1996). Operant conditioning is important in understanding how “a best feeling” may operate as a 
reinforcement in the RMM. For example, when drivers choose a certain driving speed, the RMM assumes that 
they «get something out of it» which is not necessarily only related to reductions in travel time.  
In more general terms, we choose what to do, either automated or consciously, because of the consequences 
the SR realizes, generally stated as “the best feeling” (Vaa, 2013b). An example of automatic adjustments made 
by drivers is the difference in reaction times found by Tørnros (1995). In this study, drivers had shorter reaction 
times at higher speed (110 km/h) than at lower speed (70 km/h). In other words, drivers had an increased 
level of vigilance at higher speed, which can be explained with the regulation of actions and emotions 
(Overskeid, 2012).  

2.1.3.5. Schema and expectations 

A schema is a plan or an outline of action, with cognitive entities serving as guides for actions (Reber & Reber, 
2001). When the behavior of a driver is reinforced, the driver learns which circumstances afford the 
opportunities that provide benefits.  
Learning of schemas may be very subtle, without the driver being aware of the learning process or its context. 
It is therefore called implicit learning. Schemas are established by the same formula as with operant 
conditioning stated above. They correspond to Damasio’s secondary emotions defined earlier.  
In the driving history of individual drivers, the establishment of schemas, or secondary emotions, undergoes 
an «evolution» in the sense that irrelevant or unconfirmed schemas are extinguished (disappear), while 
relevant schemas are retained.  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 18 
 

2.1.3.6. Summary and implications 

The RMM states that drivers continuously monitor risks, mediated by their feelings and emotions. It states 
further that driver behavior to a large degree is regulated by emotions and feelings. Emotions are either innate 
(primary emotions) or based on experience (secondary emotions). They may be unconscious or pre-conscious, 
while feelings are defined as the conscious experience of emotions.  
Learning implies the development of schemas according to the concept of operant conditioning. Driver actions 
that are successful in producing or maintaining a target state in a certain context, are stored as schema that 
may govern future action. The target state can be defined in terms of emotions (especially secondary 
emotions) or feelings. The basic motive of all drivers is survival according to the RMM.  
In the context of AVs, the RMM makes important predictions to the drivers’ adaptation to automated functions 
of the vehicle and interactions with other road users. Amongst other things, the RMM predicts that drivers: 
 Appraise situations on the background of their basic motive (survival). This implies that they, for 

example, will be more inclined to overlook a pedestrian (who is no substantial threat to the drivers’ 
life) than a heavy truck (which is far more threatening).  

 Need experience and time to develop or change schemas. This implies that a driver of an AV with 
experience from manually driven cars, not will be able to react correctly if the correct reaction is 
different between the AV and a manually driven car, especially in situations that require immediate 
action. 

 May fail to develop schemas for situations that arise only infrequently for an AV driver (emergency 
situations), in contrast to drivers of manually driven cars who develop schemas in numerous similar 
situations that may transfer to emergency situations. 

2.2. Psychological concepts in driver behavior modeling 

2.2.1. Meta-monitoring and related concepts 
Meta-monitoring describes the process of monitoring a monitoring task. It can be defined as secondary 
feedback system people use to monitor their progress in attaining their primary self-regulation goals 
(Kirschenbaum & Rosengarten, 1994) or in other words, a monitoring over self-monitoring (Asai, 2017).  
Sub-optimal monitoring of automation performance, or complacency, is a common contributing factor in 
transportation accidents (Merritt et al., 2019). However, meta-monitoring is not a usual concept in driver 
behavioral models or traffic safety in general, although it is relatively common in other areas. Including meta-
monitoring in the AV-DBM is the main extension compared to other DBMs, which refer to drivers of manually 
driven cars. Making meta-monitoring a central part of the model emphasizes the differences between manual 
driving and being the responsible (monitoring) actor in a (semi-)automated vehicle.  
Meta-monitoring is closely related to the concepts of situation awareness and automation complacency and 
to whether the driver can be considered out-of-the-loop or in-the-loop, i.e. the monitoring of the automated 
vehicles monitoring of, and behavior in, the traffic situation. In other words, even if “out of the loop” of the 
immediate task of controlling the vehicle, the drivers still is crucial in having to supervise the actions of the 
vehicle (Bainbridge, 1983). The specific kind of supervision task will, however, depend on the degree of 
automation of the vehicle.  
Meta-monitoring does not imply that the driver is constantly and consciously monitoring the driving situation, 
or that drivers have a kind of a built-in monitor. Rather, it describes a continuous process in which the driver 
can be involved at varying degrees.  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 19 
 

Example: Two drivers, A and B, drive the same type of car in an automated mode. Both come into a situation that 
requires them to take over control of the vehicle and the vehicle gives them both advance warnings and a final 
emergency signal. Both drivers have the same meta-monitoring task: To stay updated about the current state of the 
vehicle and be prepared to perceive and process information that indicates upcoming changes. Driver A is attentive 
and prepared, and he takes over control as required. Driver B watches a movie on his cellphone and does not notice 
anything from his surroundings. He will startle as the movie abruptly stops to discover that he failed to perform on 
the meta-monitoring task.  

2.2.1.1. Situation awareness 

An important concern in system operation is situation awareness, the knowledge of what is going on around 
(Endsley, 2000). Situation awareness has always been essential for people to complete tasks effectively. 
Different levels of situation awareness are commonly distinguished: 
 Level 1 (perception) involves a basic perception of important information, without which there are 

very high chances of forming an incorrect picture of the current situation.  
 Level 2 (comprehension) includes the integration of information from multiple sources. 
 Level 3 (projection) is the ability to project into the future based on past experience (Endsley, 2000).  

Repeated experience in a certain environment allows the development of expectations about potential future 
occurrences (Endsley, 1995). However, correct situation awareness does not necessarily lead to right decisions 
due to limited decision choice alternatives, lack of training or experience, and personality factors such as 
impulsiveness, indecisiveness, and riskiness. Suitable interfaces and decision aids can enable better situation 
awareness, but at the same time they may hinder situation awareness if they are not functioning properly 
(Endsley, 2000).  
Regarding automated driving, Stanton, Young & Walter (2007) combined the opinions of experts on human-
machine interaction. Relevant research still has a long way to go until all aspects of automated driving become 
clear. There is uncertainty in the reactions of drivers during incidents of insufficient control from the 
automated vehicle and various opinions suggest that certain levels of automation may result in underload – 
which is just as bad as overload. In this context, attention is always required during driving, which means that 
automation does not necessarily create “spare” time for drivers.  
On a more practical level, Endsley (2017) performed a preliminary analysis of the challenges that drivers may 
face in dealing with new autonomous vehicles in realistic driving conditions based on naturalistic driving 
experiments with herself as the driver of a Tesla Model S. Despite the limited range of the collected data, the 
author mentions that autonomous vehicles put drivers out of the loop and that driver distraction will increase 
in autonomous vehicles. Automated systems may enable other activities during “driving” e.g. calls, texting, 
eating etc., while paying more attention to signage and information displays. Moreover, navigation systems 
were investigated, along with sound systems and texting and experienced an increase in reaction time, 
concluding that driver distraction will increase in autonomous vehicles.  
A very important comment of Endsley (2017) is that at least one automation malfunction occurred in 30% of 
the trips. When drivers using autonomous systems direct their attention to other tasks, they are considerably 
slower in responding to critical incidents and, in conjunction with their situation awareness, they may create 
safety issues. Better situation awareness, efficient design concepts, training programs and focused 
interventions in automated processes may enhance safety (Endsley, 1995). 
Carsten et al. (2012) used a driving simulator and had drivers experience manual driving, semi-automated 
driving (either longitudinal or lateral control) and highly automated driving (both longitudinal and lateral 
control), with no instructions regarding secondary tasks (e.g. radio, DVD, grooming, eating and reading). They 
found that participants engaged more with secondary tasks from manual to semi-automated driving and even 
more in the highly automated driving condition. The two different semi-automated driving conditions (lateral 
or longitudinal control) revealed difference indicating that the lateral control group gazed less at the road and 
shifted more, and earlier, in their attention to the road (Carsten et al., 2012).  
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Banks et al. (2018) conducted an on-road study using a Tesla Model S in Autopilot mode and analyzed driver 
behavior through video data with thematic analysis and with a safety driver in the passenger seat. They found 
that all but one of the participants triggered the “hold the steering wheel” warning, which is initiated after 60s 
of hands free driving. Additionally, there were several cases of mode confusion and a few cases of engagement 
with secondary tasks in ways that indicated that they were not paying attention to the road environment and 
would be ill-prepared for any emergency take-over requests (Banks et al., 2018). These worrisome behaviors 
occurred despite a small sample size with limited driving durations, and despite being observed.   
Measuring situation awareness: There are several different ways to measure situation awareness, including 
the popular SAGAT (Situation Awareness Global Assessment Technique) where the simulator screen is blanked 
and the participants answer questions about objects and conflict in the environment. SAGAT has been 
criticized (de Winter et al. 2019) for being weakly associated with task performance, especially compared to 
eye-tracking methods which can be used without interrupting the task. Carsten et al. (2012) found that drivers 
in semi-automated and highly automated driving simulators focused less on the road than in the manual 
driving condition.  
The driver’s response to a critical situation (de Winter et al., 2014) and take-over-time (Zhang, de Winter et 
al. 2019) can also be used as a representation of situation awareness and/or meta-monitoring. In their review, 
de Winter et al. (2014) state that: 

 
“A wealth of evidence shows that HAD and ACC evoke long response times and an elevated rate of 
(near-) collisions in critical events as compared to manual driving. However, there are counterexamples, 
where drivers successfully avoid collision in critical event scenarios. Drivers’ response times appear to 
be moderated by whether the driver is pre-warned as well as by the type of scenario. Essentially, if the 
automation fails unexpectedly with very little time for the human to respond, then almost all drivers 
crash (cf. Flemisch et al., 2008), but if drivers receive a timely warning then almost all drivers will safely 
avoid collision (cf. Gold et al., 2013).” (p. 208).  

These results indicate that situation awareness has been reduced enough that the drivers need to be brought 
back into the loop (by a warning) before being able to respond appropriately.  

A meta-analysis of take-over-times (Zhang et al., 2019) found that results varied strongly between studies. 
However, certain factors were associated with shorter take-over-time. These include:  
 Not engaging in a visual non-driving task 
 Having experienced another take-over scenario 
 Receiving an auditory or vibrotactile take-over request (as opposed to only visual)  
 Experience a more urgent take-over situation.  

 

2.2.1.2. Automation complacency 

Complacency is the degree of attention (or lack thereof) that is devoted to monitoring an automated task 
(Merrit et al. 2019). It is similar to, but distinct from trust. Research (e.g., Bailey & Scerbo 2007) suggests 
negative relationships between monitoring and subjective trust (more trust – less monitoring) and between 
monitoring performance and system reliability (more reliable systems – less monitoring).   
Ruscio, Ciceri and Biassoni (2015) examined the effects of expectancy, reliability, predictability and previous 
experience on brake reaction time when using a collision warning system. They found that while reliable 
warnings with anticipatory information or predictable hazards resulted in faster brake reaction times, but the 
warning system was counter-productive when the situation demanded an intelligent response (i.e. because 
the system gave misleading or incomplete anticipatory information). When the misleading information of “no 
danger” was given, the drivers took about twice as long to perceive the red warning alert, indicating that they 
decreased their monitoring of the system (Ruscio et al. 2015). 
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The risk of automation complacency was already highlighted by Bainbridge (1983) in her ‘Ironies of 
Automation’: As automation takes over the easy tasks, the difficult tasks become more difficult for the human 
operator. Flemisch et al. (2019) provide different models of machine-human cooperation, for instance a 
framework of self-determined nudging, where the human operator authorizes the machine to provide nudges 
to support the driver. Shared control over all levels of driving is suggested to foster situation awareness and 
keep the driver in the loop while still benefitting from increased performance or reduced workload (Abbink, 
Mulder & Boer, 2012).  
Flemisch et al. (2019) also define several layers of operation: “Strategic, e.g. navigation”, “tactical, e.g. 
guidance”, and “operational, e.g. control”, as well as a meta-category “cooperational, e.g. 
metacommunication”. These layers are similar to those included in the currently developed AV-DBM with 
“meta-monitoring” as the meta-category. The other levels may to varying degrees be under control of either 
human driver or the vehicle.  
Automation complacency, situation awareness and meta-monitoring are closely related to the other factors 
included in the AV-DBM, which are described in the following sections. 
Measuring automation complacency: A questionnaire for measuring the potential for automation 
complacency has been developed by Singh et al. (1993). It contains the factors Confidence-Related, Reliance-
Related, Trust-Related, and Safety-Related Complacency. Merritt et al. (2019) have developed an updated self-
report measure of automation-induced complacency potential. It contains ten items on two separate scales:  
 Alleviating Workload: Attitudes about the use of automation to ease workload. This scale is correlated 

moderately with the previous complacency potential rating scale. 
 Monitoring: Attitudes toward monitoring of automation. This scale is not correlated with the previous 

complacency potential rating scale. It is closely related to hypothetical complacency, and has proven 
validity over and above all other individual difference measures. It is therefore recommended by 
Merritt et al. (2019) as a measure of automation-induced complacency potential. 

Automation complacency can also be measured with eye tracking methods. Hergeth et al. (2016) found that 
the frequency and duration of visual monitoring was negatively associated with trust during highly automated 
driving and with lower monitoring of the automation when conducting non-driving related tasks.  

2.2.1.3. Overreliance on technology 

While situation awareness and automation complacency are strongly influenced by the current driving 
situation, drivers’ general attitudes to AVs also are likely to affect their performance on the meta-monitoring 
task.  
Overreliance on technology has been identified as one of the most important risks related to user acceptance 
of AVs by Loukea et al. (2020; Deliverable D1.2 of the Drive2theFuture project). A general tendency to over-
rely on automation can be expected to be related to reduced situation awareness and increased risk of 
automation complacency, and thus to poor meta-monitoring performance. 
As a mitigation strategy, Loukea et al. (2020) suggest a “clear presentation of technology limitations and what 
each level encompasses”.  

2.2.2. Learning 
Learning is a fundamental part of life in general and the driving task specifically. When looking at learning in 
the context of (semi-)automated vehicles, there are particularly two types of learning that are relevant: 
Development and maintenance of (manual) driving skills and development and maintenance of skills for 
automated driving and transitions. 

2.2.2.1. Development and maintenance of (manual) driving skills.  

In manual driving, skills develop while practicing before getting a license, but there is also a steep learning 
curve during the first few months and years of driving (e.g., McCart et al., 2003; McCartt et al., 2009; Shinar, 
2007).  
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The automated systems of cars that are commercially available, are limited to certain functions or situations. 
Thus, drivers still need to drive manually at least part of the time. However, as cars take over more and more 
of the driving tasks, people will drive less and gain less experience with manually driving. This will reduce the 
automatization of the manual driving tasks and motoric memory that manual drivers establish with 
experience, commonly referred to as skill degradation (Parasuraman, 2000). The experience with basic driving 
skills may suddenly become important if the car encounters a critical situation where the driver must take 
over control. In such situations, the performance of drivers used to AVs may be seriously impaired compared 
to drivers accustomed to manual driving.  
Many empirical studies have investigated factors that contribute to the large decrease of crash risk among 
novice drivers during their first years of driving experience. Some of the most important factors are 
summarized in the following.  
General driving skills: The transition from conscious attention-demanding to unconscious and automatic car-
handling skills is another important factor. Bjørnskau and Sagberg (2005) showed that increasing experience 
is related to decreasing self-reported driving errors, which in turn are related to decreasing crash risk. An older 
study showed that lacking experience with manual gear shifting was related to poor performance on a sign 
recognition task (Shinar, 1998). Among drivers who lacked experience, manual gear shifting was so attention-
demanding, that they had no spare capacity for detecting road signs. Among more experienced drivers, 
manual gear shifting was automated, and the drivers had more mental capacity available for processing the 
traffic situation.  
Hazard perception: Sagberg and Bjørnskau (2006) examined hazard perception reaction times for novices (at 
three different groups of experience) and experienced drivers. They did not find a strong overall relationship 
between hazard perception and driving experience, but in a number of situations increased experience was 
related to shorter reaction times. Other studies found that experienced drivers perform generally better on 
hazard perception tasks than novice drivers (Scialfa et al., 2012). Hazard perception has also been found to be 
related to crash risk (Boufous et al., 2011).  
Visual search strategies: More experienced drivers have more effective visual search strategies than novice 
drivers (Konstantopoulos et al., 2010). McKnight and McKnight (2003) identified inadequate visual searches 
as one of the main contributing factors to car crashes among novice drivers. Inadequate visual search can also 
explain the increased crash risk under poor sight conditions (Konstantopoulos et al., 2010). 
Schema development: One central part of developing manual driving skills is the development of adequate 
schema. To develop schema, drivers depend on being exposed to situations in which these schemata are 
relevant. For example, Salmon et al. (2014) showed that drivers with little experience of encountering 
motorcyclists at intersections have not incorporated motorcyclists in their intersection schemata. 
Consequently, they are highly likely to overlook motorcyclists at intersections because their attention is 
directed otherwise.  
The development of (adequate) schemata is also an important factor in situational awareness (Briggs et al., 
2018; Salmon et al., 2014). Schemas determine where attention is allocated, and they reduce the drivers’ 
mental workload. Reduced mental workload allows them to focus attention on other parts of the driving task 
(or other tasks).  
Automated driving has the potential to impair the development of manual driving skills by “relieving” the 
drivers from situations in which these skills can be developed:  
 Manual driving becomes less automated and thus will be more attention demanding.  
 Hazard perception becomes less important as the vehicle automatically reacts on many hazardous 

situations.  
 Active visual search is less important because of the many sensors on the vehicle.  
 Schema development may be impaired, or drivers may even develop inadequate schema (Briggs et 

al., 2018), which reduces their level of situation awareness.  
Consequently, in critical situations in which drivers with experience from AV driving have to take over control, 
they may lack skills, an understanding of the current hazard, an understanding of the driving situation, and 
adequate responses to the situation.   
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2.2.2.2. Development of skills for automated driving and transitions 

The second form of learning refers to experience with, and ability to properly use AVs. The latter includes  
 Appropriate monitoring of the traffic situation and the AVs actions 
 Appropriate expectations regarding the capabilities of the AV  
 Adequate functional skills to interact with, and take over control from, the automated system, 

including operating the human-machine-interface (HMI). 
The most relevant aspects of learning to drive in an automated mode and to manage adequate transitions to 
manual driving are described in the following.  

Experience: Empirical studies showed that there are strong learning effects for transitioning between manual 
driving and automated systems (Forster et al., 2019a). However, manual driving and automated driving are 
likely to interfere with each other, resulting in poor performance on both tasks (Forster et al., 2019b).   
Moreover, experience with automated vehicle functions is not synonymous with adequate expectations. 
Begattio et al. (2015) found that drivers without ACC experience who drove a test vehicle with ACC ten times 
over a period of two months. Before driving, they learned about ACC functionality through the owner’s 
manual. Learning to use the system, acceptance of the system and trust in the system all increased rapidly for 
the first sessions and stabilized after the fifth session. However, over time the participants seemed to forget 
system limitations that they did not experience (Begattio et al., 2015), which could lead to inappropriate 
expectations and overtrust in those situations. In a similar study, Beggatio and Krems (2013) showed that 
drivers tend to forget about potential problems that occur only rarely and that they consequently may develop 
an exaggerated trust in the system. This could explain how many experienced ACC users believe that the 
system works fairly well or perfectly in situations where it is not likely to work well, despite warnings about 
this in the owner’s manual (Beggatio & Krems, 2013; Jenness et al., 2008). 
Schema development: Experience with AVs influences both people’s skill with AVs (i.e. what to monitor and 
when to transition) and their mental representation of the AVs capabilities. The latter is relevant for which 
expectations the driver holds about the AV and can impact the degree of behavioral adaptation to the AV and 
their meta-monitoring and engagement with secondary tasks.  
Elaborate user education has been found to contribute to the development of accurate mental models 
(schemata) and to the translation of these mental models into better interaction performance (Forster et al., 
2019b). The education in these studies comprised an interactive tutorial which was compared to a simpler 
owner manual and a generic functionality description. Consistent with this, Boelhouwer et al. (2020) 
conducted a driver simulation study with three sessions, where one group had a Digital In-Car Tutor (DIT) while 
the control group read an information brochure. Both groups showed a decrease in incorrect reliance on the 
automation over the course of the driving sessions, but the DIT users showed significantly lower incorrect 
reliance overall and especially during the first session (Boelhouwer et al., 2020). 
Elaborate and appropriate practice has also been found to mitigate the negative effects of overtrust on 
reaction time (Payre et al., 2016). In the study by Payre et al. (2016) showed that reaction times decreased 
with increasing trust in the system among drivers who only had simple practice. However, drivers with 
elaborate practice had generally improved performance, independent of their level of trust in the system.  
In summary, empirical studies indicate that simply driving an AV or passively receiving information is not 
sufficient to develop adequate schemata. On the contrary, it may lead to poor performance and consequently 
increased crash risk. Especially as drivers are only seldom or never reminded of system limitations in practice 
(by experiencing them, not merely reading or hearing about them), them are likely to develop over-reliance. 
This poses a challenge to periodically reminding users of system limitations without exposing them to actual 
crash risk (Beggatio & Krems, 2013).  

2.2.3. Expectations 
Drivers expectations are fundamental in understanding their perceptions, monitoring, and regulation. 
Expectations are for the most part learned by experience. Expectations include: 
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 What the driver believes about the performance of the AV in different situations, including what it 
registers and how it acts 

 What is required of the driver, for example if he will have to brake for a pedestrian crossing the road 
or if the AV will detect the pedestrian and brake.  

Drivers assumptions about the capabilities and limitations of the automated systems have often found to be 
inaccurate (Seppelt & Lee, 2007; Jenness et al. 2008). Inadequate expectations can in several ways contribute 
to poor performance and increased crash risk.  

Amongst other things, inadequate expectations may contribute to an insufficient motivation and ability to 
keep up attention, which is one of the most important contributing factors in crashes involving AVs (Norman, 
2015). A discrepancy between the driver’s expectations of the AV and the AV’s true capabilities can also result 
in reduced situation awareness, complacency, or over-reliance (Parasuraman & Manzey, 2010; Payre, Cestac, 
& Delhomme, 2016), and automation surprises. The latter described a situation where an automated system 
surprises or confuses its operator, who has difficulties tracking or predicting the behavior of the automated 
system (Sarter, Woods and Billings, 1997).  
Inadequate expectations have also been found to be related to slow reaction times and poor performance on 
hazard detection tasks (Ruscio et al., 2015). Such problems can potentially be reduced in the following 
situations (Ruscio et al., 2015): 
 Anticipatory information: For example, warning systems may alert the driver and to a certain degree 

prepare him in otherwise unexpected situations  
 Previous direct experience: Experience with hazardous situations can counteract the development of 

inadequate expectations.   

2.2.4. Behavioral adaptation 
Risk compensation was heavily debated after Wilde’s article of 1982 in which it was stated that drivers always 
regulate their behavior with the aim to keep risk at a constant desired level. Amongst other issues, this theory 
has been criticized for not being falsifiable, as well as not explaining neither how the driver determines the 
target level of risk nor how to measure this target level empirically (Elvik, 2004).  
In recognition of the theoretical and methodological flaws of this theory, the concept of behavioral adaptation 
was developed the following years and is a central part of the theories presented earlier in this chapter (Risk 
Allostasis Theory, Multiple Comfort Zone and Risk Monitor Model).  
Behavioral adaptation can be defined in several ways, including by Summala (1996) and by OECD (1990). The 
latter was discussed and revised by Kulmala and Rämä (2013), who suggested the following definition: 

“Any change of driver, traveler, and travel behaviors that occurs following user interaction with a change 
to the road traffic system, in addition to those behaviors specifically and immediately targeted by the 
initiators of the change” (pp. 20) 

Behavioral adaptation can take many forms, such as engagement with secondary tasks (Naujoks & Totzke, 
2014; Vollrath, Schleicher, & Gelau, 2011), degree of center line crossings (Adell, Várhelyi, & Fontana, 2011), 
hard breaking at traffic lights (Adell et al., 2011), speed choice (Naujoks & Totzke 2014; Oviedo-Trespalacious 
et al., 2017; Vollrath et al., 2011) and time-to-collision or distance to lead vehicle (Naujoks & Totzke, 2014; 
Vollrath et al., 2011). 
Within the theoretical framework of the RMM, results from studies that previously have been interpreted in 
terms of the so-called risk homeostasis, can be explained with the drivers’ improved feeling of mastery and 
functional balance. Such feelings are likely to occur at higher driving speeds that do not (seem to) jeopardize 
safety. This target feeling may reinforce drivers’ choice of speed and other driving parameters (Vaa, 2013b). 
In Damasio’s terms the “risk monitor” is the drivers body itself. This type of regulation has according to 
Damasio developed in evolutionary processes and is directed towards risks in completely other environments 
than for example today’s road traffic.  
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As different situations (e.g. manual driving vs. various forms of assistance systems or simulator vs. field studies) 
have been examined, it is difficult to compare results across studies. According to the definition, any 
unintended behavior change can be seen as behavioral adaptation, but it is harder to specify the exact form 
and degree one expects behavioral adaptation to take.  

Elvik (2004) has developed a theoretical framework for behavioral adaptation that includes predictions about 
situations in which behavioral adaptation is more likely to occur than in others. The most important factors 
that affect behavioral adaptation are according to Elvik (2004, with the most important ones in the current 
context highlighted in bold text): 

1. How easily a measure is noticed 
2. Antecedent behavioral adaptation to basic risk factors 
3. Size of the engineering effect on generic risk factors 
4. Whether or not a measure primarily reduces injury severity 
5. The likely size of the material damage incurred in an accident 
6. Whether or not additional utility can be gained. 

For the AV-DBM, we believe that factors 1, 4 and 6 are most relevant. Automated systems that take over 
control of the vehicle are sure to be noticed by the driver and automated systems primarily reduce accident 
risk (i.e. either by warning the driver of critical situations or by the system itself avoiding accidents) and not 
injury severity (as opposed to seat belts or air bags). As the automated system monitors the traffic situation, 
the driver may feel more comfortable with diverting their attention to other tasks (e.g. playing games, reading, 
texting) that provide additional utility.  
Several studies illustrate that behavioral adaptation does not occur to the same extent as a response to all 
road safety measures, or in all situations. For example, the introduction of a warning system led to decreased 
situation awareness and poorer advance planning, although it did not lead to generally less cautious driving 
(Adell et al., 2011). Cruise control and adaptive cruise control were found to lead to shorter headways and 
slower response times for braking, but they did not lead to shifts in attention toward secondary tasks or 
increased speed violations (Vollrath et al., 2011). Congestion tail warnings were associated with higher speed, 
decreased minimum time-to-collision and an increase in performing secondary tasks (Naujoks & Totzke, 2014).  

2.2.5. Driver state and workload 
Driver state refers to mental and physiological states that affect the drivers’ attention and performance. In 
the following we describe some central concepts of relevant aspects of the drivers current mental and 
physiological state.  

2.2.5.1. Intoxication, fatigue, and sleepiness 

It is well established that intoxication by alcohol or drugs has a large impact on driving performance and crash 
risk (Dunaway, Will, & Sabo, 2011). However, in the present context, we focus on the performance of sober 
drivers.  
Fatigue and sleepiness are also well known to impair driving performance (MacLean et al., 2003; Nordbakke 
& Sagberg, 2007). They reduce the driver’s task capability, but even when drivers recognize that they are tired, 
they often decide to keep driving despite being aware of the increased risks of doing so (Nordbakke & Sagberg, 
2007).  
AVs may reduce the threshold for drivers to drive even though impaired and one may assume that drivers may 
be more tempted to drive an AV while impaired than they would with a manually driven car. However, this is 
a decision process on a level that is not directly relevant in the context of the AV-DBM which focuses on the 
process of driving.   
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2.2.5.2. Workload 

Driver workload is a highly complex construct about which tons of publications with different theoretical 
approaches are available. We will not go thoroughly into the different definitions and theoretical approaches. 
In general, concepts of driver workload are (somewhat simplified) based on the assumption that drivers have 
a certain amount of “capacity”. This capacity may vary, depending amongst other things on the type of 
situation, the current state of the driver, and general driver characteristics. Engaging in a task like driving, 
implies that some or all of this capacity is used. How much of a driver’s capacity is used, also depends on 
characteristics of the driver, the task, and the vehicle (for example, a standard driving situation may take up 
much of a novice’s capacity but hardly anything of an experienced driver’s capacity).  
Driver workload and can affect driving performance in many ways (de Winter et al., 2014; Brookhuis & de 
Waard, 2010; Matthews et al., 2019), which can be roughly categorized as follows:  

• Underload: Workload is low, and the driver has “too much” spare capacity. Underload may lead to 
reduced attention, monotony, fatigue, boredom, increased engagement in secondary tasks and thus 
distraction.   

• Overload: Workload is high and requires the full capacity of drivers or more. When overloaded, drivers 
have insufficient capacity for processing relevant information, they may get stressed, and they may 
also give up coping with the task and reduce attention or engage in secondary tasks.  

Workload can be influenced by autonomous systems in different ways. In a literature review, de Winter et al. 
(2014) showed that highly automated driving can free large amounts of mental capacity for other tasks than 
driving. In other words, when the driver’s main role is to monitor the vehicle, workload is substantially 
reduced, which may lead to drowsiness, boredom and engagement with secondary tasks (Matthews et al., 
2019).   
Workload and meta-monitoring: Subjective workload can be seen as a way in which drivers monitor the 
driving situation and compare it to their preference. Both over- and underload are likely to be out of the drivers 
target range, making the driver feel comfortable and motivated to change the situation so as to get closer to 
the target zone of comfort (Fuller, 2007; Summala, 2007).  
The main problem while driving AVs is under- not overload. Secondary tasks may be a (seemingly) promising 
way to counter underload. They may reduce monotony, fatigue, and boredom, and increase alertness 
(Matthews et al., 2019). However, distraction by secondary tasks cannot generally be recommended as a 
countermeasure to fatigue during AV driving. When investigating driver performance after transitioning from 
automated to manual control, participants that had watched videos or read were far less likely to appear 
drowsy, but distracted participants took significantly longer to reclaim control of the vehicle when a switch 
was initiated (Miller et al., 2015).  
Examples: A few examples of studies that have investigated relationships between AV driving and workload 
are summarized in the following: 
Regarding adaptive cruise control (ACC), some studies found no statistically significant effects of on workload 
measured through steering wheel movement (Adell et al., 2011), while other studies found a decrease in 
workload (Stanton & Young, 2007; Vollrath et al., 2011). de Winter et al. (2014) found a reduction in self-
reported workload from manual driving to ACC driving, and a further and greater reduction from ACC to highly 
automated driving.  
Ruiqi and Kaber (2005) found that phone conversations increased mental load and impair situation awareness, 
while ACC reduced mental load and did not impair situation awareness.  
For a level 3 automated driving system, Várhelyi et al. (2020) found that the drivers used the system as 
intended, it improved driving in several ways and there was no difference in subjective workload with and 
without the system.  
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Oviedo-Trespalacios, Haque, King and Washington (2017) found speed adaptation in two different phone 
conversation conditions (handheld or hands-free) and increased perceived workload in both, but perceived 
workload was only a significant predictor of speed adaptation in the handheld condition, as other factors (such 
as familiarity with hands-free interface) were significant predictor of speed adaptation the hands-free 
condition.  
Measuring workload: There are many ways to measure driver workload. Besides self-report measures, heart 
rate and heart rate variability are common measures (e.g., Carsten et al., 2012).  

2.2.6. Driver profiles: Personality, styles, and preferences 
Driver behavior, performance, and how drivers interact with AVs can be assumed to be different between 
drivers, depending on general characteristics of the drivers. In the following we give a short overview of studies 
that have investigated relationships between personality, driving styles, and driving behavior / performance. 
In the context of the AV-DBM, the focus is mainly on specific interactions between drivers and AVs. Thus, we 
will define a few basis driver characteristics to allow for some individual variation, but without proposing a 
detailed framework of types of drivers.  

2.2.6.1. Personality traits 

Personality traits are thought to be more stable and general than social cognitive variables such as attitudes. 
Differences in personality have been found to affect how drivers perceive the traffic situation. For example, 
anxious and aggressive drivers perceive situations generally as more urgent (Cramer et al., 2008). Driver 
personality may also affect how drivers behave in traffic and how they interact with AVs, relating for instance 
to preferences for different driving styles (e.g., cautious versus thrill seeking).  
There are many ways of categorizing personality traits into different types of drivers. Some studies use 
established items for measuring personality traits, such as the Neo-Personality Inventory (e.g., Lucidi et al., 
2010; Ulleberg 2001; Ulleberg & Rundmo, 2003;), “Big Five Personality Factors” (Ben-Ari & Yehiel, 2012) or 
subscales from the International Personality Item Pool (Marengo et al., 2012). Other researchers design items 
specific to driving, such as thrill seeking and anxiety items which specify feelings and preferences in driving 
situations (e.g., Cramer et al., 2008).  
Several studies include items from the Driving Anger Scale and the Normlessness scale (Lucidi et al., 2010; 
Ulleberg, 2001; Ulleberg & Rundmo, 2003). Additionally, locus of control (Cramer et al., 2008; Lucidi et al., 
2010; Marengo et al., 2012) has been examined more specifically with regards to driving with automated 
systems.  
Ben-Ari & Yehiel (2012) used the and Driving Cost and Benefits Questionnaire to measure self-reported driving 
experiences and Multidimensional Driving Style Inventory to examine four driver profiles that have previously 
been established. Marengo et al. (2012) used items specifically related to dangerous driving, helmet use from 
the “Me and my health” questionnaire, as well as items regarding Driving locus of control, which was also used 
by Lucidi et al. (2010).  
Most of the studies mentioned above used questionnaires to measure both personality, attitudes toward 
driving and risk (through self-reported risky driving behavior and or accident involvement). Marengo et al. 
(2012) combined this with simulated moped driving and found that it showed a high consistency with self-
reported driving behavior through significant negative relations between simulator driving safety and self-
reported risky driving behavior.  

2.2.6.2. Driving styles  

Many studies haves attempted to develop a categorization of different driving styles, usually with the aim of 
predicting performance or crash risk. The number of identified driving styles varies between studies. For 
example, Ulleberg (2001) identified six different styles, Ben-Ari & Yehiel (2012) identified four, and other 
studies identified three different styles (Lucidi et al., 2010; Marengo et al., 2012; Wong et al., 2010).  
The specific styles described in these studies differ, but one may generally distinguish roughly between two 
groups of drivers. The general characteristic of these two groups refer to how drivers behave in manual driving 
situations:  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 28 
 

• High-risk drivers: These are often called reckless, aggressive, or angry. They are characterized by high 
scores on sensation-seeking and extraversion, low scores on altruism, agreeableness, and 
conscientiousness. They also report more accident involvement (Ben-Ari & Yehiel, 2012; Lucidi et al., 
2010; Marengo et al., 2012; Ulleberg, 2001). High scores on sensation-seeking, normlessness and 
aggression are associated with both negative attitudes toward traffic safety and self-reported risky 
driving behavior (Ulleberg & Rundmo, 2003).  

• Low-risk drivers: These drivers score high on altruism and trait anxiety, and they have positive 
attitudes toward traffic safety. Risk-taking behavior is generally low. Altruism, agreeableness and 
conscientiousness have consistently been connected with lower-risk driving styles and low levels of 
sensation-seeking (Ben-Ari & Yehiel, 2012; Lucidi et al., 2012; Marengo et al., 2012; Ulleberg, 2001). 
However, anxiety may also be associated with riskier, more frustrated or less aware driving styles 
(Lucidi et al., 2010; Marengo et al., 2012; Ulleberg, 2001; Wong et al., 2010). The likely explanation for 
these somewhat inconsistent findings is that the effect of anxiety on driving style likely interacts with 
other traits (e.g. anxiety and altruism versus anxiety and aggression).  

As can be seen from the short summaries, dividing drivers in two distinct groups clearly is simplified. Amongst 
other things, some “high-risk drivers” actually may have relatively low risk (for example, they may have very 
good driving skills) and some “low-risk drivers” may have relatively high risk (for example because of high 
levels of anxiety and uncertainty). However, within the context of the AV-DBM we regard it as sufficient. 
Moreover, more detailed categories of driver styles would make both simulation and experimental validation 
infeasible.  

2.2.6.3. AV preferences 

The driver styles described above refer mainly to manual driving. They may also affect behavior while driving 
AVs in an automated mode. However, for referring specifically to AV driving, we have defined another set of 
driver characteristics, consisting of two opposing preferences:  

• Out-of-the-loop preference which implies a preference to let the AV take control  
• In-the-loop preference, which implies an inclination to take manual control.  

Empirical studies that have been reviewed in stage 2 of the model development showed that drivers have 
general preferences regarding takeover times and information about the AVs “intentions” (section 4.1):  
 Drivers have a general preference for a certain lag between notification and actual takeover, which is 

in clear contrast to real life requirements. Drivers acceptance of (in some situations) close-to-zero 
notification times is likely to be a necessary precondition for their ability to actually take over on very 
short notice. However, it is not likely to be sufficient since other factors (for example distraction) affect 
this ability as well.  

 Drivers also have a general preference of being informed about the AVs “intentions” (in the case of 
fully automated vehicles). This is most likely related to the general motivation of being in control, i.e. 
there may be individual differences in line with the above mentioned in- vs. out-of-the-loop 
preference. 

Other studies found similar preferences. During the “Tesla Rally” (section 4.5.3) the test drivers often felt 
uncomfortable while driving through curves because of the Teslas’ “disquieting tendency to race into curves 
at breakneck speeds”. These drivers where test drivers in a trial where the aim was to drive as much as possible 
in an automated mode (actually it was 96%), so it is unlikely that they had a general aversion against fully 
automated driving. 

2.2.6.4. Affective responses and tech-savviness 

Drivers differ in the degree to which they are generally fond of technologies, including new technologies and 
AVs. Nair and Bhat (2021) distinguish between tech-savvines and attitudes based on experience.  
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Tech-savviness is defined as “having a good knowledge and understanding of modern technology, especially 
computers”. It has been found to be related to drivers preferences for AVs (Shabanpour et al., 2017). However, 
the study of Nair and Bhat (2021) shows that measures aiming at improving attitudes and reducing anxiety 
about AVs are more likely to increase acceptance than measures with a focus on the general excellence of 
new technology. 
Additionally, perceptions of the safety and reliability of AVs are likely to affect their acceptance. Investigations 
of comments on social media showed that one third of all negative comments about AVs included concerns 
about safety (Deliverable D2.5 of Drive2theFuture).  
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3. The proposed AV-DBM 
This chapter presents the AV-DBM that has been developed as described in Chapter 1. The model describes 
how drivers of AVs regulate their behavior, how they learn and how they adapt their behavior to AVs or specific 
automated driving functions.  
The AV-DBM focuses on those aspects of driving that are most relevant in the context of AVs, specifically while 
driving in a wholly or partially automated mode (while the driver is “out of the loop”) and during transitions 
between automated and manual driving. The AV-DBM has no ambitions of covering all driver-related aspects 
of driving or driver behavior.  
Figure 4 shows a schematic overview of the variables and processes that are described in the AV-DBM. The 
variables are in more detail described below.  

 
Figure 3: Monitoring and meta-monitoring in the AV-DBM. 

3.1. Driving 
In general terms, the AV-DBM describes AV driving as a process consisting of two loops:  

• Driving-loop: The driving task itself always involves monitoring of the traffic situation (including the 
physical environment as well as the driver, vehicle, and other road users). In an AV, monitoring and 
controlling the vehicle may be done by the driver (“in the loop”) or by the AV (when the driver is “out 
of the loop”). The driver can, to varying degrees, be involved or not involved in monitoring and 
controlling either specific driving functions or the whole driving process. In other words, being in or 
out of the loop does not necessarily refer to the whole driving process but will mostly vary between 
different parts of the driving task. How the vehicle is handled in the driving loop directly affects driving 
performance. For example, if a driver who is in control of the vehicle (in the loop) is distracted (reading 
text messages, programming the navigation system, …) he may lose control of the vehicle, hit an object 
or a pedestrian, or run off the road. 

• Meta-monitoring: In an AV, the driver is additionally always involved in meta-monitoring which is 
closely related to the psychological concept of situation awareness. This means that he/she has to 
monitor the execution of the driving task (either by himself or the AV). This process is affected by a 
number of driver-related variables. The main outcome variable of the meta-monitoring process are 
transitions between automated and manual driving, i.e. take-over decisions of the driver and the 
following transition from automated to manual driving. Transitions in the other direction (from 
manual to automated driving) are less safety relevant. For example, if a driver out of the loop (AV in 
control of the vehicle) is distracted, he may neglect the meta-monitoring task and miss an occasion 
where he should have taken over control, which may result in a crash. If a driver stays in the loop 
although the AV might take control, the safety effect of this failed transition consists mainly of lost 
safety benefits of automated driving (or disadvantages, depending on the driving situation and the 
safety effects of the automated driving function).  
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3.2. Driver profiles 
Both processes of the driving task are affected by a number of driver-related variables. These include 
preferences, expectations, learning, behavioral adaptation, and the current driver state. These variables vary 
in how stable they are over time and the degree to which they may be affected by experience with AV driving.  
The driver’s preferences refer to preferences regarding AV driving. This driver related variable is assumed to 
be most stable over time and it is the most important in defining driver profiles. Preferences may be affected 
by the driver’s personality (for example sensation seeking or if a driver generally likes to be in control). In the 
long term, they may change following experience with AV driving (for example if a driver is getting more or 
less comfortable with the AV being in control of the vehicle). Driver preferences are in more detail described 
in section 3.6. 
Expectations, learning, and behavioral adaptation are strongly dependent on experience with AV driving.  
The drivers current state includes diverse aspects of his mental state (like fatigue and distraction), as well as 
the current workload. Thus, it is affected by factors external to the vehicle or driving task (such as fatigue due 
to sleep deprivation) and by the driving task (such as monotony).  

3.3. Outcome variables 
The outcome variables of the AV-DBM are: 

• Driving performance, which refers to manual driving (in the loop, i.e. when the driver is in control of 
the vehicle). Driving performance when the AV is in control, is not in the focus of the AV-DBM. 

• Transitions between manual (driver in the loop) and automated driving. Transitions may refer to a 
specific driving task (for example to leave or take over control of speed regulation) or the whole driving 
process.  

3.4. Driving loop 
The driving loop comprises the “classical” driving tasks where the driver is in control of the vehicle. These are 
in more detail described in section 3.9. 

3.5. Meta-monitoring 
Meta-monitoring is the process of the driver monitoring the driving task and potential transition requirements 
(i.e. to leave or take over control of the vehicle). It is most safety relevant when the driver is out of the loop.  
Poor performance on this task may lead to situations where the driver misses a situation where he should 
have taken over control, takes control too late, or takes the wrong action when taking over control. Factors 
that affect the outcomes of the meta-monitoring process (and that are closely related to each other) include:  

• Attention: The focus of the driver’s attention on the driving task. 
• Situation awareness: The adequate perception of relevant elements of the environment, 

comprehension of the situation and projection of future developments (Schömig & Metz, 2013). 
• Automation complacency: The allocation of attention away from the main task to a concurrent task. 

Complacency is mainly affected by the drivers’ expertise with the vehicle, the reliability of the vehicle, 
and the drivers trust in automation (Körber & Bengler, 2014) 

• Knowledge: The driver’s knowledge about situations in which he may have to take over (or leave) 
control of the vehicle and how he can detect such situations, mainly based on the type of driving 
situation and information provided by the AV.  

• Motivation: The driver’s motivation to take over (or leave) control when this is required. The 
motivation is closely linked to the drivers’ (emotional) target state as described in the RMM.  



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 32 
 

• (Over-)reliance on technology: Drivers with a general tendency to strongly rely on automation may 
over-rely on AVs ability to control the vehicle. This may result in poor meta-monitoring performance, 
unless the driver additionally has very good knowledge about the degree of automation.  

The most relevant aspects of the driving situation which the driver needs to be aware of, include  

• The current state of the vehicle (which driving functions are in control of the driver vs. AV) 
• Current task requirements  
• The current driving situation and the likelihood of having to take over control. 

How the driver performs the meta-monitoring task will to a large degree depend on other variables in the AV-
DBM (see sections below).  

Measurement: Meta-monitoring is not directly observable. An overview of measurable indicators is given in 
the following table.  
 

Table 4. Indicators of variables related to meta-monitoring in the AV-DBM. 

Variable Indicator 

Attention, situation awareness, 
complacency  
(especially while out of the loop) 

• Situation Awareness Global Assessment Technique (SAGAT) 
• Complacency self-report measures (Merrit et al., 2019) 
• Eye movements (de Winter et al., 2018) 
• Physiological reactions in situations requiring transitions 

Knowledge  • Self-report measures 
• Testing the driver 

Motivation • Self-report measures 

 

3.6. AV Preferences 
The driver’s target state in the context of the AV-DBM comprises mainly his preferences regarding control over 
the vehicle.  
Drivers may be generally more inclined to either let the AV be in control or to take control himself. Thus, 
drivers may roughly be classified according to their preferences regarding taking control in an AV.  

• Out-of-the-loop preference: Drivers with an out-of-the-loop preference are generally inclined to let 
the AV take control. They can also be assumed to have a high level of trust in the AV.  

• In-the-loop preference: Drivers with the opposite preference, to be in control (in the loop), may be 
more skeptical to the AV, or they may have a strong general preference of being in control while 
driving.  

The two kinds of preferences are not meant as distinct categories but as a continuum, i.e. a driver can be 
anywhere in between the two outer points.  
Among the factors that can be assumed to affect a drivers’ preferences are (for more detail see section 2.2.6 
Driver profiles):  

• General preferences common to most drivers, like a preference for a certain lag between notification 
and actual takeover (which is in clear contrast to the requirements in some real-life situations) and a 
preference being informed about the AVs “intentions” 

• Personality traits like anxiety, aggressiveness etc.  
• Driving styles 
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• Affective responses to AVs like general “tech-savvines” and enthusiasm about new technologies. 

In addition to general AV-preferences, drivers may differ in which kind of situations they prefer to have or 
leave control. Some drivers may prefer to leave control to the AV in routine situations and to take over control 
in difficult or complex situations, while it may be the other way round for others. Empirical studies have also 
shown that drivers generally more include to accept high levels of automation in situations with a low degree 
of complexity like closed environments and areas without pedestrians (Kaur & Rampersad, 2018). 

Measurement: Drivers’ AV preferences can be assessed with the help of self-report measures. They may also 
be assessed indirectly via other variables in the AV-DBM which are assumed to be closely related to the driver’s 
preferences. An overview of the two general driver styles with regard to the central AV-DBM variables is given 
in the following table. Drivers are not necessarily on the same point of the continuum on all variables.  
User profiles in relation to legacy vehicles (manually driven vehicles without V2V or V2I communication 
features) are also developed by NTUA in relation to legacy vehicle flow and vehicle to-vehicle interactions.  

 
Table 5. Variables in the AV-DBM in relation to drivers’ in- or out-of-the-loop preference 

Variable (AV-
DBM) 

Out-of-the-loop preference In-the-loop preference 

Meta-monitoring Poor meta-monitoring performance 
Bias towards “the AV will be in 
control” 
Potential misses when required to 
take over control 

Strong meta-monitoring performance while 
driving in an automated mode  
Bias towards “I have to take control” 
Potential false positives when not required 
to take over control 

Expectations Expects AV to be fully in control Expects the AV to make errors 
Feeling of responsibility for monitoring and 
preparedness 

Perceptions Comfortable at low levels of 
preparedness 
Low degree of situation awareness 

Susceptible to complacency 
High tolerance for small safety 
margins 

Comfortable at high levels of preparedness 

High degree of situation awareness 
Not susceptible to complacency 
Preference for large safety margins 

Learning Low level (deterioration) of driving 
skills 

High level of driving skills 
Engaged to maintain skills 

Behavioral 
adaptation 

Susceptible to unfavorable (from a 
safety perspective) behavioral 
adaptations 

Small degree of unfavorable behavioral 
adaptations 

 
Conclusions: Drivers may have different preferences regarding driving in- or out-of-the-loop, but most drivers 
still need some kind of control to feel comfortable. Mismatches between the drivers’ preferences and the 
vehicles “behavior”, may have different effects:  

• Discomfort and probably reluctance to let the vehicle take over control 
• Safe driving style, i.e. all five variables of the AV-DBM likely to be associated with good chances of 

taking over control when and as required and maintenance of basic driving skills. 
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3.7. Expectations 
The driver’s expectations may refer to the specific driving situation (in the loop) as well as the performance of 
the vehicle (out of the loop).  They comprise assumptions about how the current situation will develop in the 
(near) future, and to consequences of events or actions. More specifically, in the context of AV driving, relevant 
expectations may refer to:  

• The behavior of the AV in certain situations: For example, if an AV usually is in automated mode on 
motorways, the driver may expect it to be so on all motorways, although this may not always be the 
case   

• Requirements to the driver in certain situations: The driver may expect the AV to take over or leave 
control in certain situations.  

• How other road users will behave in interactions with his vehicle: Other road users’ behavior may 
affect the requirements to the driver when it comes to meta-monitoring and monitoring of the driving 
task. 

Some examples of possible false expectations that should be avoided, are:  

• The driver expects the AV to monitor all relevant environmental factors (meaning that the driver can 
occupy himself with other things), while the AV in reality only monitors certain factors; others have to 
be monitored by the driver.  

• The driver expects the AV to have full control over the vehicle while the AV actually requires the driver 
to control the vehicle or at least some of the driving functions.  

Expectations are for the most part learned by experience (see section 3.3). They may affect all parts of the 
driving task, both in and out of the loop.  
Measurement: In addition to self-report measures and measures of the drivers focus of attention (like eye 
movements), specific driving errors or failed transitions may be indicative of (false) expectations.  

 
Table 6. Indicators of variables related to expectations in the AV-DBM. 

Variable Indicator 

Expectations related to specific 
driving situations 

Self-report measures 
Allocation of attention to the traffic situation, eye movements 
Specific driving errors  

Expectations related to vehicle 
performance 

Self-report measures 
Allocation of attention in the vehicle and the traffic situation, eye 
movements 
Specific errors in transition situations 

 

3.8. Learning 
Learning refers to the acquisition of knowledge and skills. It refers to both levels of driving, the driving task (in 
the loop) and meta-monitoring, including the handling of automated functions and transitions between 
manual and automated driving. Learning is closely related to the amount of experience with AV driving, as 
well as the design of the AV. 

According to the microsimulation model described in section 4.2.1, there are two types of learning:   
 Reinforcement learning: Behavior is learned that maximizes reward 
 Inverse reinforcement learning: The reward function is learned from observed behavior. 



 

D2.8: Revision of D2.3 AV drivers’ behavioral models 

October 2021 35 
 

In the AV-DBM, a general assumption about learning (both types) is that increasing experience with driving 
AVs (or in general the use of automated driving functions) is related to less learning and thus poorer 
performance on manual driving tasks.  
Most of the drivers learning in driving manual cars is (classic) reinforcement learning. In this type of learning, 
reaction times, rewarding, and learning are closely related. Learning results in shorter reaction times, and 
shorter reaction times result in stronger rewards. Since learning is based on rewards (reinforcement), one may 
conclude that a driver assistance system that is adaptive to the drivers’ state of learning will facilitate learning. 
If it provides the driver with information that, given his current state of learning, gives him an opportunity to 
immediate reaction (short reaction time), this will facilitate learning and the system will over time be able to 
put higher demand on the driver.  
Inverse reinforcement learning is originally described for interactions between the vehicle and its 
surroundings. However, in AV driving, inverse reinforcement learning also may describe how the driver learns 
about the functioning of the AV and the development of meta-monitoring skills.  
To perform well on the meta-monitoring task, classic reinforcement learning is necessary but not sufficient for 
good performance: A certain amount of knowledge about how the vehicle functions is necessary, and this can 
be learned by inverse reinforcement. However, to perform well on the meta-monitoring task, the driver should 
additionally be able to regulate his mental state to keep up attention and avoid complacency.   
Measurement: A very rough indicator for learning is the total amount of experience. Testing or measurable 
improvements of performance may be more specific indicators of learning, although performance always will 
be affected by other factors as well.  

Table 7. Indicators of variables related to learning in the AV-DBM 

Variable Indicator 

Experience Total accumulated driving hours (with vehicle of type X) 

Knowledge of vehicle functions Self-report / test measures 

Driving performance (in the loop) Changes of performance over time  

Driving performance (out of the 
loop) 

Changes of performance over time  

 

3.9. Behavioral adaptation 
Behavioral adaptation is a driver’s change in behavior in response to safety measures or other factors that are 
external to the driver. In manual driving, typical examples of behavioral adaptation are increased speed 
following the introduction of safety measures that reduce the driver’s mental workload (such as road lighting 
or vehicle safety measures) or the risk of driving (such as the use of safety equipment).  
In the context of AV driving, typical examples of behavioral adaptation include reduced attention while driving 
in an automated mode. Thus, behavioral adaptation to AV driving is closely related to automation 
complacency. 
Behavioral adaptation can be regarded as a type of learning in the sense that it comprises the adaptation of 
driving behavior (including monitoring and meta-monitoring) to changing conditions.  
In the context of AV driving, the following assumptions can be made about behavioral adaptation: 

• Meta-monitoring performance: At higher levels of automation drivers are likely to reduce their 
attention and preparedness to respond. They may still respond to strong stimuli; however, these 
responses may be less adequate if the driver has long experience with automated driving (see above).  
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• Interactions with other road users: Driving partially automated vehicles will change the way drivers 
interact with other road users, especially non-automated ones (such as VRU). They may reduce 
attention and the amount of personal interactions (eye contact, awareness of speed and distance) if 
they rely on the vehicle to act if necessary. If the driver does not take control, the vehicles actions may 
not give other road users any cues about its intentions in the same way as a human driver would (i.e. 
reducing speed long before reaching a pedestrian crossing, indicating to the pedestrian that it is safe 
to cross).  

• Other road users’ behavioral adaptation: Other road users can be expected to change the way they 
interact with vehicles. For example, Bjørnskau et al. (2019) have hypothesized that cyclists may take 
advantage of the large safety margins of AVs. Situations that previously have been negotiated, may 
more often be decided by how the AV behaves. Typical examples are zebra crossings where drivers 
and cyclists typically negotiate who may drive first (most often the cyclist, although cyclists have to 
yield according to the Norwegian road rules), and signalized junctions at which it is common to drive 
at yellow (AVs always stopping at yellow were found to be rear-ended very often). As the number of 
AVs increases, interaction patterns are likely to be generalized to all vehicles (especially if they cannot 
easily distinguish between automated and non-automated vehicles). 

Measurement: Behavioral adaptation has in earlier studies been measured with the help of self-report scales1. 
However, subtler forms of behavioral adaptation are better measured with specific performance measures, 
with the focus being on changes in performance in response to specific AV functions. These may be 
supplemented by measures of the driver’s preferences, expectations, and mental state/workload.  
 

Table 8. Indicators of variables related to behavioral adaptation in the AV-DBM. 

Variable Indicator 

Driver behavior Self-report measures 

Driving performance (in / out of 
the loop) 

Specific changes in response to experience or changes in the design 
of the vehicle or surroundings, mainly long-term changes 

 

3.10. State and workload 
The driver’s state comprises physiological and mental states like fatigue, intoxication, and medical diagnoses 
that affect the drivers’ attention and performance. The driver’s workload is also relevant to the driver’s state, 
i.e. his available information processing “capacity” relative to the demands of the driving task.  
In the AV-DBM, the drivers state and workload have two functions:  

• They are limiting factors to the driver’s performance. For example, an impaired or ill driver is likely to 
perform poorer than a sober and healthy driver. As such, the state and workload can be regarded as 
relevant background variables, without being subject to investigation. The AV-DBM focuses on sober 
and healthy drivers.  

• They can be regarded as control quantities, like task difficulty in the Risk Allostasis Theory by Fuller 
(2011) and the “best feeling” in the Risk Monitor Model by Vaa (2013a). A basic assumption is that 
drivers regulate their driving so as to achieve and maintain a certain mental state while driving. This 
may be a comfort zone, risk level, task difficulty, level of workload, physiological activation, emotions, 
feelings, etc. This is described in more detail in section 3.6 Preferences.  

                                                           
1 For example: “If you know that you are driving a car equipped with anti-lock brakes, which increase safety, how likely 
are you to do each of the following: Drive faster on highways, drive faster on wet roads, drive closer behind other vehicles, 
drive after drinking, not wear a seat belt, and speed up if the light turned yellow” with likelihood ratings for each behavior 
as “not at all likely”, “somewhat likely”, or “very likely” (from Jonah et al., 2001). 
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The regulation process is not subject to investigation in the present context. However, one may assume that 
the drivers target state depends strongly on the driver profile (see section 3.2 Driver profile), and AV 
preferences (see section 3.6 Preferences). 

3.11. Motives 
The drivers’ basic motive is, according to the RMM, survival. This motive is equal or similar among all drivers, 
although its strength may vary (suicidal drivers are excluded from the focus of the AV-DBM). However, in the 
AV-DBM this basic motive is regarded as a background variable not subject to specific hypotheses or 
investigations.  

3.12. Performance (outcome variables) 
The main outcome variables in the AV-DBM are the performance on the meta-monitoring task and on the 
driving task while the driver is in the loop. The performance of the AV on the driving task (while the driver is 
out of the loop) is not in the focus of the AV-DBM.  
Driving in the loop: Regarding driving in the loop, the main outcome variable is whether the driver is involved 
at-fault in a crash. As a substitute measure, near-crashes or conflicts are also suitable, provided that the driver 
can be regarded as being at-fault. In partially automated vehicles, one should consider whether the driver’s 
actions can be attributed to automated systems that are faulty or not properly designed when defining 
whether the driver was at-fault.    
Regarding the driving task, different levels are typically distinguished and each of these can contribute to 
overall driving performance. There are many different classifications and definitions of levels of the driving 
task in the literature. In the context of the AV-DBM, the classification of different performance measured is 
based on the study by Mueller et al. (2020): 

1. Perception: Timely and correct perception of relevant information 
2. Prediction: Correct prediction of events in the near future 
3. Planning and decisions: Conscious decisions of actions  
4. Execution: Timely, correct, and precise execution of control over the vehicle. 

Other components of the driving tasks, namely navigation, tasks and influences of the drivers physiological or 
medical state (e.g. intoxication or illness) are not relevant in this context.  
Driving out of the loop: The main outcome variable for the performance on meta-monitoring, is the correct 
and timely execution of transitions. Crashes that occur while driving out of the loop can also be an appropriate 
measure, especially those that are due to failed transitions from automated to manual driving. 
Transitions in the other direction are in principle also relevant. If a driver for example is generally reluctant to 
let the AV take control, he will lose safety effects of automated driving, but it would not affect safety in the 
transition situation to the same degree as transitions from automated to manual driving.  
Regarding the execution of the meta-monitoring task, the same classification of task levels can be applied as 
the one that is described above for manual driving.  
The following table shows examples of driver performance on each of the four levels for both parts of the 
driving task that may lead to conflicts or crashes.  

 
Table 9. Examples of poor driver performance at four levels for driver in or out of the loop 

Level Driver in the loop Driver out of the loop 

Perception Overlook another road user or an 
obstacle 

Miss a required transition 

Prediction Misjudgment of the road’s curvature, 
misjudgment of other road users’ actions 

Misjudgment of potential for required 
transition 
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Level Driver in the loop Driver out of the loop 

Planning/decision Speeding, short headways, illegal 
maneuvers 

Engagement in secondary tasks 

Execution Slow reaction time 
Inadequate evasive maneuver 
Poor directional control 

Slow reaction time 
Inadequate action following transition 

Crash / near-
crash 

At-fault crashes during manual driving Failed transitions 

Crashes while driving in an automated 
mode 

 

3.13. Limitations 
The AV-DBM described in this chapter focuses specifically on aspects of driving that are relevant in the context 
of AVs. It contains assumptions about how drivers of AVs regulate their behavior, how they learn and how 
they adapt their behavior to AVs or specific automated driving functions.  
The AV-DBM has several limitations. The most important one is that it covers specific aspects of driving that 
are relevant in the context of AVs. It has no ambitions to cover all aspects of human driving behavior or to 
describe all psychological processes involved in driving.  
Amongst other things, the definition of in vs. out of the loop is highly simplified in the description of the model. 
Drivers can to varying degrees be in or out of the loop on different tasks, i.e. they can be wholly or partly out 
of the loop on one task while still fully in charge on other tasks. For example, the driver can be completely 
relieved of controlling speed, while he still has to monitor lane keeping, in addition to having to be in full 
control of navigation (this would be a typical stop-and-go function).  
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4. Model evaluation 
This chapter gives an overview of related activities within the Drive2theFuture project, from which results and 
insights have been incorporated into the AV-DBM. None of the other activities within Drive 2theFuture has 
been explicitly designed to test the AV-DBM or hypotheses derived from it. However, results from several 
activities provide either supplemental information that can be sued to develop more elaborate concepts in 
the AV-DBM, or they can be interpreted in terms of the AV-DBM, thus providing support for the assumptions 
in the AV-DBM.  

4.1. Task A2.1 (DEUSTO): Aggregated data on behavior, accidents, 
incidents, and risk 

Table 10 gives an overview of the projects that have been collected in the task A2.1. Most projects focus on 
technical development of automated vehicles, specific automated functions, or development of 
infrastructure. Only two projects focus partly on the human driver: AUTOCONDUCT and interact.  
 

Table 10. Overview of projects collected for aggregated data on behavior, accidents, incidents, and risk 

Project Focus of the project and relevant results (if available) 

5F-MOBIX 5G for cooperative & connected automated MOBIility on X-border corridors 

ADAS&ME Adaptive ADAS to support incapacitated drivers & Mitigate Effectively risks through 
tailor made HMI under automation (focus, amongst other things, on detecting 
sleepiness and distraction during manual driving). 

auto.Bus - 
Seestadt 

Technologieentwicklungen zum autonomen Fahren im ÖPNV. Technical focus. 

AUTOCONDUCT Adaptation of strategies of automated vehicles -level 3-4- to the needs and state of the 
drivers in real-time. Focus on HMI design for take-over from vehicle (automated mode) 
to driver (manual driving).   

AUTOMATE Automation as accepted and trustful TeamMate to enhance traffic safety and 
efficiency. Focus on estimating the drivers physiological and behavioral state and 
driving intentions during manual driving, trajectories, current risk, … (technical focus).  

AutoNet2030 Co-operative Systems in Support of Networked Automated Driving by 2030 

AUTOPILOT AUTOmated driving Progressed by Internet Of Things. Technical focus.  

AVENUE Autonomous Vehicles to Evolve to a New Urban Experience 

BRAVE BRidging gaps for the adoption of Automated Vehicles. Focus on acceptability of and 
confidence in AVs, especially in interaction with VRUs.   

CITYMOBILE2 Cities demonstrating cybernetic mobility. Focus on removing barriers and obstacles 
regarding deployment of fully-automated shuttles. 

CoEXist Working towards a shared road network - Enabling cities to get "automation-ready". 
Technical/IT focus. 

DENSE Adverse weather environmental Sensing system 

ICT4CART ICT Infrastructure for Connected and Automated Road Transport. Technical focus. 

i-GAME Interoperable GCDC AutoMation Experience.  

IMAGinE Intelligent Maneuver Automation – cooperative hazard avoidance in real time). 

INFRAMIX Road INFRAstructure ready for MIXed vehicle traffic flows. 
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Project Focus of the project and relevant results (if available) 

interACT Designing cooperative interaction of automated vehicles with other road users in mixed 
traffic environments. Evaluation in simulator and test track studies.  

L2PILOT Piloting Automated Driving on European Roads. Focus on developing specific 
automated functions (technical focus).  

MAVEN Managing Automated Vehicles Enhances Network. Focus on urban signalized 
intersections.  

TransAID Transition Areas for Infrastructure-Assisted Driving. Focus on traffic management.  

UR:BAN Urban Space: User oriented assistance systems and network management 

Via-AUTONOM Verkehrsinfrastruktur und Anforderungen für autonomen Straßenverkehr. Focus on 
road infrastructure. 

 

4.1.1. AUTOCONDUCT 
Self-reported data indicate that drivers prefer to be informed well in advance before takeover and 
“progressive HMI intrusiveness”. Drivers also prefer to be informed gradually, starting with soft information, 
progressively developing over time to more intrusive warnings.  
Drivers are reluctant to accept short notification times before having to take over control from driving in an 
automated mode. For unplanned takeovers, a lag of 8 sec. between request and required takeover is assumed.   
Thus, the drivers’ subjective needs are in clear contrast to requirements in real traffic when driving in an 
automated mode requires the driver to continuously monitor the driving task and to be prepared for instant 
takeover.  
Driving in an automated mode that still requires the driver to be prepared to take over control immediately in 
emergency situations may have low acceptance and safety. This is illustrated by the finding that some test 
drivers were sleeping during takeover requests.  
Implications for AV-DBM:  

• There is a mismatch between requirements in real traffic – drivers may be required to take over 
control immediately – and drivers preference of a lag between notification and take-over-
requirement.  

• The drivers’ general motivation to being prepared to take over control is important for successfully 
taking over control when required. However, motivation alone is unlikely to be sufficient as even 
motivated drivers may be for example distracted.  

• Low acceptance of a driving mode that may imply switching between being completely out-of- and in-
the-loop may result in a low level of preparedness because of a preferred target state that is not 
compatible with the requirements of the vehicle.  

• AV design should find ways to increase drivers understanding of and motivation for possible 
immediate-takeover-requirements.  

4.1.2. interACT 
Relevant results from the interact project are published in D6.2. Evaluation report on on-board user and road 
users’ interaction with AVs equipped with the interACT technologies (30/09/2020). 
Results from a simulator study show that AV drivers (on-board operators of fully automated vehicles):  

• Prefer to be informed about the current intentions of the AV 
• Rate an internal HMI that informs about the current intentions of the AV as useful, especially while 

involved in a secondary task 
• Do not feel safer with an internal HMI.  
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A test track evaluation of external HMIs (mainly lighting systems) on fully automated vehicles that 
communicates yielding intentions to pedestrians shows that interactions between the AV and pedestrians 
improve. Pedestrians need shorter time for crossing decisions and are consequently less delayed. However, 
pedestrians may over-rely on the system as they gain experience. 

However, such HMI systems may cause safety problems due to over-reliance. In several test trials, conflicts 
and crashes occurred when other road users repeatedly had experienced reliable information from AVs about 
their yielding behavior.  

Implications for AV-DBM:  

• Drivers of partly automated AVs are likely to have even greater preference for information about the 
AVs current intentions than drivers of fully automated AVs. 

• Reliable and understandable information from the AV to its driver is even more essential with regard 
to interactions with other road users.  

• When AVs are equipped with external HMIs that communicate with other road users, 
misunderstandings are likely to occur when both the vehicle and the driver are communicating with 
other road users, especially when the drivers and the AVs communication are inconsistent.  

4.2. Task A2.3 (NTUA): Behavioral traffic modelling 
NTUA has developed a simulation platform for investigating interactions between AVs, drivers and their 
surroundings (Orfanou et al., 2021). The basic features of the model are described below. The simulation 
models have been developed in interaction with the AV-DBM developed in the present report.  

4.2.1. Microsimulation Modeling Schema  
Based on the four forces of AV-DBM we introduce a two-layer modeling schema (Figure 5). The upper layer 
controls the interaction between the driver/user and the vehicle and the lower layer controls the interaction 
of the vehicle with the road environment. The modeling will be based on the principles of multi-agent 
reinforcement learning and inverse reinforcement learning. 

 
Figure 4: Two-layer microsimulation modeling schema. 

 

4.2.2. Upper layer:  In vehicle interaction (Driver – Vehicle) 
In semi-autonomous environments, the driver/user will interact/cooperate with the vehicle. There will be an 
information flow from the user governed by the forces of Expectations and Learning.  
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Expectations: The driver has some expectations from the use of an automated vehicle. During the automated 
function his perceived levels of risks and task difficulties should be in their acceptable ranges while also 
maintaining their acceptable comfort levels (comfort zone boundaries). When these levels are exceeded 
(current state above or below thresholds), the driver may resume vehicle control or intervene in driver 
assistance systems (e.g. regulate the target speed of the ACC).  

Trust and acceptance are affected if expectations are not met. 
Learning: Through learning, faster reaction times during the transition of control can be achieved by the driver. 
Target (best) feeling is the reinforcing stimulus in a scheme of operant conditioning (e.g. adjust speed). 
The following components are defined in modelling the vehicle-environment interaction: 

1. States of the system:  
a. Critical conditions (driver needs to interact with the vehicle) 
b. Non-critical conditions  

2. Actions:  
a. Transition of control (Driver AV, AV Driver) 
b. Intervention in driver assistance systems 

3. Reward: A quantity which exponentially reduces with the increase in reaction time (Learning), and the 
probability of acceptance and trust in technology based on short-term previous experience 
(Expectations). For example, during critical conditions, the user reacts slowly and has reduced 
acceptance of the AV abilities to drive due to previous experience.  

4.2.3. Lower layer: Vehicle - Environment interaction  
This layer describes how the kinematic characteristics of the vehicle evolve over time and space based on the 
stimuli of the environment. The vehicle type (AV or not AV) does not really make a difference. Yet, connectivity 
may play a critical role; it may affect the manner the vehicle interacts with the rest of the road users (stationary 
or moving vehicles, VRUs, road infrastructure etc.). 

This layer aims to introduce the forces of Perception, monitoring, and regulation, as well as adaptation to the 
traffic model.  
Perception, monitoring, and regulation:  

• Perceived risk/danger, task difficulty 
• Task Difficulty: Task demand and driver capabilities  
• Task Demand: Speed, headway 
• Driver Capabilities: time headway 
• According to task difficulty, acceleration and speed are modified and regulated for increasing or 

maintaining satisfaction and comfort  

Adaptation: 

• Behavioral aspects that can be observed after a change in road traffic 
• Adaptation  enhancement of safety margins, comfort, change in target feeling at a given traffic 

situation/condition 
• Adaptation for survival   

Learning: There are two types of learning, reinforcement learning (produce behavior that maximizes reward) 
and inverse reinforcement learning (reward function is extracted from observed behavior).  
The following components are defined in modelling the vehicle-environment interaction: 

• States: Safe, unsafe traffic conditions (critical conditions of the first layer are a subset of unsafe 
conditions) 

• Actions: Follow, accelerate, decelerate, overtake, maneuver 
• Reward: Increase with the transition to better state (Perception and Adaptation) 
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4.3. Task A7.2 (TØI): Safety and security issues 
Limits and boundaries of AV-operation are investigated by studying reports from in-depth crash investigations. 
A specific focus is on how AVs handle different traffic environments and interactions with other road users.  

It is often claimed that AVs will reduce accident risk and that fully automated vehicles even may make all road 
accidents disappear. However, accidents with AVs happen and such accidents may reveal shortcomings of the 
algorithms governing autonomous driving. These algorithms seem to be protected and concealed by car 
manufacturers. Thus, accidents with AVs are about “as close as we can get” in terms of understanding the 
algorithms that have/have not been in operation in the pre-crash phase leading to an accident.  
Moreover, accidents involving AVs may provide a test of predictions of AV-DBM. Any accident involving an AV 
should in principle be explained and predicted by a valid AV-DBM. Accidents may also highlight the relevance 
of specific predictions and parts of the model.  
There are two groups of accident studies that are described in the following: Aggregated studies of AV-
accidents, and in-depth investigations of accidents involving AVs. In-depth analyses of fatal accidents have 
mainly been performed by the NTSB (National Transportation Safety Board) and NHTSA (National Highway 
Traffic Safety Administration). 

4.3.1. Accident risk in aggregated accident studies 
As improvement of road safety is one of the main ambitions of developing AVs, a first point of departure is to 
look into accidents statistics. In Norway, it has been estimated that it takes about 1000 driving years (at an 
average annual mileage of 14 000 km) to produce one police-reported injury accident (Bjørnskau, 2015). In 
other words, the average Norwegian driver is extremely competent in coping and avoiding with the dangers 
of road traffic. 
Google is the only AV-manufacturer providing information about AV accidents (Google 2015-2016, 2015; 
Waymo 2017). Teoh and Kidd (2017) have estimated accident risks based on data provided by Google and 
Waymo. The longest series of data is obtained from Mountain View, a city in Santa Clara County in California 
and cover the period 2009-2015. A comparison of accident risk estimates between human-driven passenger 
vehicles and Google cars is shown in Figure 6: 

 
Figure 5: Comparison of accident risk estimates between human-driven cars and Google cars. 

Figure 5 shows that the estimated injury accident risks of Google cars are both below and above the accident 
risk of cars with human drivers. There were 13 incidents with Google cars where the test driver had to 
intervene in order to avoid contact with another car or object.  
A weakness with comparisons like those described above is the relatively low number of accidents. Kalra and 
Paddock (2016) estimated that AVs have to be driven hundreds of millions of kilometers to demonstrate their 
reliability in terms of fatalities and injury accidents. 
The types of accidents differ between human-driven cars and Google cars: While almost all crash involved 
Google cars are rear-ended while standing still or driving at very low speeds, this crash type accounts only for 
14% of human-driven crash involved cars (Theo & Kidd, 2017).  
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4.3.2. In-depth investigations of accidents involving AVs 

4.3.2.1. Example 1: Tesla S in “autopilot” mode hits left-turning semitrailer 

The fatal accident with a Tesla on 7th May 2016 added significantly to the understanding of how an AVs 
functions in a critical situation as this accident was investigated in-depth and reported by NHTSA’s Office of 
Defects Investigation (ODI: NHTSA, 2017). The ODI-report summaries the following: 

«On May 7, 2016, a 2015 Tesla Model S collided with a tractor trailer crossing an uncontrolled intersection on 
a highway west of Williston, Florida, resulting in fatal injuries to the Tesla driver. Data obtained from the Model 
S indicated that 

1. The Tesla was being operated in Autopilot mode at the time of the collision 
2. The Automatic Emergency Braking (AEB) system did not provide any warning or automated 

braking for the collision event; and 
3. The driver took no braking, steering or other actions to avoid the collision». 

 

 

Figure 6: Fatal accident with a Tesla Model S on 7th May 2016 on a highway west of Williston, CA. 

 
Initially, a Tesla spokesman stated that «Neither Autopilot, nor the driver noticed the white side of the tractor 
trailer against the bright lit sky, so the brake was not applied» (Tesla, 30 June 2016). Tesla uses cameras and 
radar as sensors, a combination where the camera’s advantage is the mapping of form, but not the distance, 
while a radar’s advantage is in measuring the distance, but not form. Google-cars use lidars, «Light Detection 
and Ranging», which «…measures distance to a target by illuminating that target with a pulsed laser light, and 
measuring the reflected pulses by a sensor» (Wikipedia 2017, retrieved 9th November 2017). The lidar 
technology is more expensive than Tesla’s combination of camera and radar, and characterized as an 
«overkill» by Tesla’s Elon Musk. The ODI chooses, however, to limit their investigation by testing the AEB-
function against the AEB-functions of other car makes and concludes that there was no malfunction of Tesla’s 
AEB-system. In that respect, the fatal accident remains enigmatic. The ODI could have chosen to consider the 
software, the algorithms that shall detect objects in dangerous situations. If the algorithms, and hence the 
system sensors, are not programmed to distinguish between «the white side of a tractor trailer» and «the 
bright lit sky», it should rather be categorized as a human error, not committed by the driver, but by those 
who appraise possible outcomes/scenarios when they elaborate their algorithms. If the latter is the case, the 
driver «was killed by the car», a variant of the «Trolley Problem» (Johansson, 2016). 
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The ODI-report investigating the first fatal AV-accident which occurred on 7th May 2016 decided to focus on 
the AEB-system as their hypothesis was that there were no signs or indications that the brakes of the Tesla-
AV had been in operation before impact. This was done by comparing the AEB of Tesla-vehicle with AEB of 
other car makes – the ODI-report mentions BMW and Mercedes-Benz. No malfunctions in the Teslas where 
found, their performance equaled the performances of other car makes (ODI/NHTSA, 2017). 

4.3.2.2. Example 2: “Self-driving” bus hits blind pedestrian in crosswalk 

At Tokyo Paralympics in august 2021, a bus driving in fully automated mode hit a pedestrian about to cross 
the road in a crosswalk where the pedestrian had priority. The bus obviously failed to detect the pedestrian 
and/or to react adequately (break). There were two stewards on the bus who might have (and should have) 
intervened. However, both “thought he (the pedestrian) would see the bus and not cross”2.  
The pedestrian was a visually impaired judoka who was not seriously injured but had to drop his planned 
competitions because of the injuries he sustained in the crash.  
This crash is an example of “blind trust” in AVs ability to avoid crashes. If it is as the reports say – two stewards 
saw the pedestrian and might have intervened but did not – the only explanation is that both stewards 
completely trusted the AV.  
In terms of the AV-DBM this crash can also be regarded as an example of failed meta-monitoring: The stewards 
failed to notice that the AV in this situation was not able to execute its task.  

4.3.2.3. Other AV crashes, fatal and non-fatal 

An overview of fatal and non-fatal crashes with AVs is provided by NTSB, the majority of crashes is not serious, 
mostly only involving minor property damage. In-depth analyses from five fatal crashes involving AVs in the 
years 2017-2020 reveal the following typical contributing factors that also are summarized in the literature 
review in D7.1 (Pokorny, 2021):  

• The AV’s driver is distracted and fails to notice a situation requiring (emergency) braking 
• The AV permitted the driver to operate the vehicle in automated mode, without engaging in the 

surveillance of the cars operation.  

In terms of the AV-DBM, these factors can be described as follows: 

• Failure on meta-monitoring: The driver relies on the AV (automation complacency) to be in charge 
and fails to recognize situations requiring the driver to take over control.  

• Drivers state (distraction): This may be a consequence of the failure on the meta-monitoring task (the 
driver assumes it is OK to engage in other activities) or its antecedent. 

4.3.3. Tesla rally Los Angeles / New York 
To test the performance of their AVs, Tesla Motors organized a rally from Los Angeles to New York in the fall 
of 2015. A crew of drivers climbed into their Tesla Model Ss’ and drove the distance across the continent in 
two days. Driving in the autonomous mode amounted to 96% of the total driving (Time, 2016). The drivers 
observed that the vehicles «had a disquieting tendency to race into curves at breakneck speeds».  
In line with Summala’s Comfort Zone Model (2007), comfort is a paramount variable to be considered 
regarding the acceptance of autonomous driving. Speed is obviously an important variable that affects driving 
comfort and probably also the degree to which drivers are willing to use automated functions and to which 
they trust them.  
Other relevant driving parameters that can be regulated by automated functions and that may affect driver 
comfort, include: Headways, lateral placement (variability), acceleration, and braking. 

                                                           
2 https://www.nrk.no/sport/synshemma-utovar-treft-av-sjolvkoyrande-buss-_-toyota-legg-seg-flat-1.15627589 
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4.3.4. Implications for the AV-DBM 
As long as vehicles operate on SAE-levels 2 and 3 (not fully automated AVs) the driver will have to maintain 
attention and the ability to react adequately and fast when critical situations unfold.  
One specific problem with automated functions of AVs that contributed to accidents involving AVs is the 
detection of objects. Several of the AV accidents occurred because the AVs failed to detect stationary objects. 
For example, in one accident, a Tesla failed to detect a semitrailer which completely blocked the road. Another 
accident involved Tesla failed to detect a stationary vehicle. In other accidents, vehicle driving in automated 
mode failed to detect moving objects, such as pedestrians.  
The drivers’ use of automated functions may have contributed to at least one fatal accident. Driving off the 
road in a Tesla at 155 km/h without the autopilot activated may have had other reasons, but one possible 
explanation is that the driver thought the autopilot was activated, while it actually was not. Regardless of 
whether this actually was the case, driving manually while thinking the autopilot is on, is obviously not very 
safe.  
A general concern is related to interactions between AVs and vulnerable road users (VRUs). VRUs may be 
overlooked (by the human driver and/or by the AV) or behave in unpredictable ways. VRUs often expect 
certain types of behavior from car drivers that are not necessarily in accordance with traffic rules, and perhaps 
even more vice-versa. VRUs are often dependent on some direct eye-to-eye contact with car drivers to 
«negotiate» who will yield. The result may be substantially different between a human driver in charge of the 
car (to be negotiated with) and a vehicle in an automated driving mode (which will not be able to negotiate). 
The result may be misunderstandings, conflicts, and accidents - or pedestrians dominating all interactions 
because they learn that AVs always yield because they are programmed to not hit VRUs. However, empirical 
studies have shown that even AVs driving in a fully automated mode can “communicate” their intentions to 
with VRUs and that such communication can improve interactions between AVs and VRUs. On the downside, 
VRUs may develop a false sense of security in that the overly rely on the AVs to always communicate their 
intentions correctly.  
Another perceptual phenomenon is Looked-but-failed-to-see (LBFTS). This is a common factor in accidents 
where a car driver who is supposed to yield, hits a cyclist or motorcyclist (Herslund & Jørgensen, 2003; Høye 
et al., 2016). VRUs seem to be particularly exposed to his type of accidents. According to the RMM, car drivers 
are most likely to look for factors in the environment that represent a danger to themselves, which would be 
other cars or trucks, but not VRUs (Vaa 2013b). This phenomenon may even be reinforced in AVs. Firstly, 
drivers may generally be inclined to neglect their monitoring of other traffic. Secondly, several studies showed 
that a typical problem in interactions between AVs and pedestrians is that some pedestrians deliberately 
challenge the AV but disregarding yielding rules (“the AV will brake anyway”). AV drivers with such experience 
may be even less inclined to pay attention to VRUs.  
In interactions with other road users, AVs may fail to comply with unwritten rules and thus contribute to 
conflicts or crashes. For example, numerous rear-end crashes were reported where an AV was rear-ended by 
a manually driven car because the driver had not expected the AV to brake abruptly as traffic lights switch to 
yellow (Biever et al., 2020). Such problems can partly be solved by programming the AVs in a way that is more 
compatible with unwritten rules in traffic. For example, rear-end crashes with fully automated cars decreased 
after these were reprogrammed to continue through signalized intersections at yellow (like most human 
drivers) instead of stopping (which had resulted in many cases of an AV rear-ended by a manually driven car). 
To summarize, the most relevant driver related factors that have contributed (to varying degrees) to all AV 
crashes are:  

• The drivers’ awareness of how the AV works: What is automated and what is not? 
• The drivers’ ability and readiness to detect a critical situation 
• The drivers’ ability and readiness to act in a critical situation. 

Regarding specific AV functions, experience from AV crashes raises the following questions:  
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• Is the AVs ability to detect objects (stationary and moving, including VRUs) sufficient for automated 
driving, and if not, how can AV functions be designed to keep the driver “In the loop” so that he will 
be able to detect objects overlooked by the AV? 

• Can AVs adequately predict the behavior of other, especially non-automated, road users? 
• How can AVs handle interactions with VRUs who are expecting to communicate with the driver who 

in reality is “out of the loop”? 
• Should the AV to a far higher degree monitor the driver, i.e. if the driver is adequately engaged in 

monitoring the AV? 

4.4. Pilot RO-1 (TØI): Autobus real life trial, Norway  
The results from the RO-1 pilot show that the concepts in the AV-DBM generally are relevant in describing 
how the stewards of automated shuttles execute their driving task. Since the shuttles are fully automated, 
their task can be regarded as the exact opposite of purely manual driving (on a scale from manual to 
automated). Moreover, the results show that driving automated vehicles exposes the human drivers to 
completely new situations that do not occur during manual driving and thus require coping strategies that 
cannot be learned in non-automated vehicles.  

4.4.1. Description of the pilot 
In this pilot, automated shuttle buses are observed on relatively short routes where they drive back and forth, 
transporting passengers. The shuttle buses have a top speed of 18 km/h. The shuttles are fully automated, but 
there is always a steward on board who can take over control.  

 
Figure 7: AV shuttle bus on the Ormøya route in Oslo.  

The pilot consisted of three phases. The first phase is most relevant to the AV-DBM, the other two phases 
focus mostly on other road users’ interactions with the AV buses.  
The following data have been collected in phase 1:  

• Video recordings from five locations (“Akershusstranda route”): These will be used to analyze safety 
critical scenarios.  

• Survey data and interviews with cyclists along the same route: These will be used to understand 
which incidents are experienced as particularly unsafe.  

The results from form input to phase 2 and 3. In the following, we describe implications of the results for the 
AAV-DBM.  

4.4.2. Results from phase 1 
Results from Phase I indicate that the AV buses have changed their behavior over time. In other words, the 
“shuttle/operator(steward)” combination has learned over time.  
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In the beginning the steward often had to take over control of the shuttle, because of sudden stops. This 
happened often because of small objects standing in the way or because of cyclists or other road users 
behaving in a way that was not understood by the shuttle. For example, pedestrians on the sidewalk were 
often interpreted by the shuttle as potentially crossing pedestrians with the effect that the shuttle braked or 
even stopped unnecessarily. 
Later, the steward/operator appears to have formed better expectations as to how the shuttle would behave 
in certain situations involving other road users and anticipated a take-over more often instead of waiting for 
a sudden stop by the bus.  
For example, experienced stewards have learned to recognize situations in which pedestrians may suddenly 
cross the road, or where car drivers tend to overtake the bus, or where the bus may unnecessarily stop. they 
are more often taking over control at an earlier stage and on their own initiative. In the beginning of the trial, 
take-overs were mostly instigated by the shuttle.  
Over time, the learning and behavioral adaptation of the stewards has contributed to a smoother operation. 
Additionally, the shuttles have partly adapted their behavior.  

4.4.2.1. The concepts of the AV-DBM 

The relevance of the results of the RO-1 pilot is described in the following for each of the concepts within the 
AV-DBM.  
Preferences: So far, it has not been possible to investigate the stewards’ general preferences regarding taking 
over control.  
However, the results show clearly that all stewards take control not only when forced by the shuttle, but also 
on their own initiative to improve the smoothness of operation and avoid conflicts.  
Expectations and learning: Since the stewards over time start to take over control more often on their own 
initiative, one may conclude that they adapt their expectations, based on experience, and change their 
behavior accordingly. These expectations are likely to refer both to the behavior of the shuttle and the 
behavior of other road users. The stewards gain experience and learn only with respect to operating the 
shuttle; ordinary manual driving skills are not trained at all.  
Behavioral adaptation and state: It is not possible in this pilot to investigate the stewards’ behavioral 
adaptation and effects of their current mental state. However, it is likely that they adapt their behavior over 
time, for example by adjusting their level of attention to the expected likelihood of situations requiring take-
over. It is also likely that their current state will influence their performance.  
Meta-monitoring: Monitoring the performance of the shuttles and potential transition requirements is a 
crucial part of the stewards’ task. They have to be aware at any time if the shuttle is driving on its own or if 
they take over control. The fact that there are no failed take-overs being reported and that they even take 
over control without being forced, indicates that they are performing satisfactorily on the meta-monitoring 
task.  

4.4.2.2. What motivates the stewards?  

There are several possible explanations for the stewards taking control over the shuttle on their own initiative. 
All of them are related to their preferences and target state. They may have preferences for: 

• Maintaining a smooth driving style and avoiding sudden stops and other non-critical but disturbing 
situations  

• Taking over control on their own initiative and to avoid forced take-overs 
• Having something to do and to avoid monotony.  

4.4.2.3. Fundamental differences between operating an AV and manual driving 

The RO-1 pilots demonstrate some fundamental differences between operating an AV and manual driving. 
The stewards of the shuttles have to react to situations that never occur in a manually driven car. Examples of 
such situations include:  

• Transitions from being out-of to being in-the-loop 
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• Situations in which the shuttle shows a behavior that would be highly unlikely while driving manually 
(such as sudden stops because of pedestrians on the sidewalk) 

• Behavior of other road users that is fundamentally different from how other road users behave in 
interactions with manually driven vehicles.  
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5. Discussion and Conclusions 
Unlike traditional driver behavior models (focused on manual driving) and other models developed within 
Drive2TheFuture (focusing on the “behavior” of AVs), the AV-DBM developed in task A2.4 and the present 
report aims to describe the behavior of human drivers in partially automated vehicles.  
This AV-DBM includes the driver’s information processing, learning and personality, and how these may be 
influenced by different AV functions. It is based on existing driver behavior models, intended for manual 
driving, and combines these with relevant psychological concepts that are relevant for either driving, operating 
automated systems, or both, and adapted with regard to the demands specific to driving partially automated 
vehicles.  

The main focus of the AV-DBM is on the transitions between automated and manual driving, as well as how 
drivers adapt to the AV through experience. It describes two loops, the driving loop (similar to manual driving) 
and meta-monitoring. The concept of meta-monitoring has been included as a particularly relevant factor, 
influenced by learning from experiences with, forming expectations to and trust in the AV, as well as driver 
personality and current driver state. 
Several of the psychological concepts, such as situation awareness, behavioral adaptation, learning, workload 
and driver personality and styles, are well established within the field of road safety. The AV-DBM interprets 
their relevance for driving a partially automated vehicle and integrates these concepts into a model which also 
introduces meta-monitoring to the driver behavior context.  
Meta-monitoring is defined as the drivers’ monitoring the driving task and potential transition requirements 
and is therefore particular to operating partially automated systems (in this context: cars) and whether the 
driver is “in” or “out” of the loop. Poor meta-monitoring performance may result in the driver failing to detect 
a critical situation in time, perhaps not taking over control at all, taking control too late, or taking the wrong 
action when taking over control.  
The current AV-DBM is consistent with lessons learned from accident studies and in-depth investigations of 
accidents involving AVs. These examinations have revealed specific factors of driving partially automated 
vehicles that seem especially relevant for accidents. These include failures to detect stationary objects, 
overlooking vulnerable road users (either by the automated system or the driver) and inconsistent interaction 
patterns with vulnerable road users and other vehicles (i.e., not complying with unwritten rules, not 
“negotiating”). These factors relate to the concepts in the AV-DBM, for instance the drivers’ expectations to 
the AV and the drivers’ ability (related to both driving/monitoring skills, state and meta-monitoring) and 
readiness to both detect and act in critical situations.   
A microsimulation modeling schema presents the AV-DBM in two layers which correspond to the driving and 
the meta-monitoring loop in the AV-DBM. The upper layer consists of the interaction between the 
driver/operator and the vehicle, related to learning, expectations and trust. The lower layer controls the 
interaction between the vehicle and the road environment, describing how the kinematic characteristics of 
the vehicle evolve over time and space based on the stimuli of the environment. This layer includes 
connectivity and how the vehicle interacts with other road users, as well as the concepts of monitoring and 
adapting to changes in the road traffic.  
Results from a real life trial in Norway with fully automated buses relates the observed changes in behavior to 
the concepts included in the AV-DBM. These buses have stewards on board who, despite the high level of 
automation, often have to take over control of the buses. 
The stewards of these buses take control not only when the required by the shuttle, but also to avoid conflicts 
and increase the smoothness of the drive, for instance through reducing sudden stops. These steward-initiated 
take-overs increased over time and are likely the result of stewards using their experience to change their 
expectations of the AVs capabilities or behavior and adapting their own behavior accordingly. In other words, 
they learn how to operate the shuttle. Meta-monitoring is an essential part of the stewards’ task and the lack 
of any reported failed take-overs, combined with the fact that stewards initiate additional take-overs, indicate 
that the stewards are performing satisfactorily on this task.  
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