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Executive Summary
Overview of impact evaluations
Deliverable D7.4 presents the results of the impact evaluation (or assessment) carried out in
the L3Pilot project. Elements of conceptual approaches, methods, data and tools are also
reported as supplements, summaries or updates to deliverables D3.3 (Evaluation Methods,
Metz et al., 2019) and D3.4. (Evaluation Plan, Innamaa et al., 2020).
Specifically, impact evaluation addressed the potential impacts of automated driving
functions (ADFs) on mobility, traffic safety, traffic efficiency and the environment, as well as
the socio-economic impacts. ADFs regarded here were SAE Level 3 automated functions for
passenger cars on motorways and urban areas as well as parking functions.
Mobility impact assessment focused on three main topics: the impact of ADFs on quality of
travel (feeling of comfort, feeling of safety, user uncertainty, user stress), on travel patterns
(route choices, mode choices, timing of trips, trips in adverse conditions), and amount of
travel (duration of trips, length of trips, number of trips).
Safety impact assessment concerned the estimation of ADFs’ effects on the number and the
likelihood of road accidents and on their severity, with breakdowns by driving and traffic
scenarios. In addition, a qualitative safety impact assessment mainly looked at the effective
mechanisms that could lead to an overall reduction (or increase) in accident and injury risks
due to ADFs.
As for efficiency and environmental impact assessment, the objective was to assess the
potential impacts in terms of changes in travel time, delay, average speed, energy demand,
fuel consumption and CO2 emissions.
All impact assessments were conducted considering so-called “mature” motorway and urban
ADFs, as well as parking functions for the safety impact, and not considering each single
ADF tested in the L3Pilot pilots. Mature ADFs are generic functions, which were anticipated
to be likely to be as close as possible to those that will be commercialized in the future. The
traffic jam ADF was assessed together with the motorway ADF as a combined function.
The results of impact evaluation were systematically scaled up at EU27+3 (all EU member
states, the United Kingdom, Norway and Switzerland) level. For safety, efficiency, and
environmental impact assessments, the scaled-up effects were considered, when possible,
at different penetration rates of ADFs in the car fleet (5%, 10%, 30% and 100%).
The assessment of the socio-economic impacts was concerned with the net effect of ADFs
on social welfare: Do the benefits of ADFs outweigh their costs? A snapshot approach was
chosen when quantifying the socio-economic impacts of the ADFs. The time perspective was
narrowed down to one year, with today’s traffic situation as the baseline. The snapshot
approach implied that the society was assumed to be in a steady state, where everything
else was held constant, except for the inclusion of passenger cars with ADFs by 5%, 10%
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and 30%. The 100% penetration rate evaluation was not considered, since it was not
possible to provide the safety impact assessment for this penetration rate.
Overview of the mature functions
The motorway and urban mature ADF keep the vehicle in lane or perform lane changes and
hold a safe distance to vehicles in front. All mature ADFs operate both in daylight and at
night, and in good weather conditions or in light or normal rain. However, heavy rain, snow,
fog and extreme weather conditions, as well as icy or snowy road surfaces, are outside their
operational design domain (ODD). The ADFs can handle small gaps in lane markings. At the
end of the ODD, a take-over request is sent to drivers and they are required to resume
control of the vehicle.
Mobility Impact Assessment
Personal mobility behaviour is determined by individual travellers’ choices, which are
constrained by their available time budget and means of travel, and influenced by personal
and cultural attitudes. Therefore, the assessment of mobility impacts of ADFs is about
understanding people's attitudes and beliefs, and how they can turn into future behaviour.
Because of this complexity, the impacts could not easily be split by each ADF as for the other
impact assessment areas. Hence, the assessment was primarily performed for a more
general mature conditionally automated car instead of motorway, urban and parking ADFs
separately.
Necessary data to conduct evaluation was gathered by L3Pilot through three sources: pilot
site questionnaires (399 respondents), four focus group discussions and a European impact
assessment survey (8,432 respondents). Descriptive statistical analysis, regression
techniques, value of travel time savings calculations and scaling-up estimations were used to
answer research questions about quality of travel, travel patterns and amount of travel. Main
outcomes are the following:
•

•
•
•
•

ADFs are likely to increase the quality of travel by enabling non-driving related activities
and increasing travel comfort. Especially leisure activities and interacting with passengers
were often mentioned as activities to perform during automated driving.
Experience of travel quality depends on the individual traveller, and some travellers may
also experience that ADF would decrease their travel quality.
On average, increased travel quality may decrease the perceived costs of travelling by car.
Value of travel time savings estimates vary between 12% and 25%.
Drivers may switch to routes within the ODD. Nine out of ten participants would accept
additional travel time on a route within ODD if they would not need to drive themselves.
Cars with ADFs may make driving under demanding or stressful conditions feel easier, for
example during the rush hour or when fatigued. Consequently, drivers may be willing to
drive more under these conditions. Nine out of ten participants would accept additional
travel time during the rush hour if they would not need to drive themselves. Experiencing
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•

•

that currently fatigue or darkness restrict driving is positively associated with expecting to
travel more by ADF-equipped cars.
Travellers may partially switch from using public transport or active travel modes to car
driving even though most travellers do not anticipate changing their use of public transport
or active travel modes due to introduction/availability of ADF. Surveys show twice as many
respondents expecting to decrease the use of public transport (26%–29%) than those
expecting to increase its use (12%–15%).
Travelling longer trips by car may become more attractive. Some travellers may also start
making completely new trips. However, the majority of participants do not anticipate
increasing the amount of travel.

Safety Impact Assessment
As for motorways and urban areas, after having defined mature ADFs, the evaluation
approach was the following: first, cluster driving situations into typical driving scenarios;
second, simulate automated and baseline driving for each of these scenarios; third, compare
accident outcomes with manual driving; lastly, scale-up results at the EU level.
Driving situations were categorized in driving scenarios and traffic scenarios. A driving
scenario is a short period of driving defined by its main driving task (e.g., car following, lane
change) or triggered by an event (e.g., an obstacle in the lane, cut-in). A traffic scenario has
a broader horizon and covers a specific road section with certain traffic characteristics.
Driving scenarios and traffic scenarios were simulated with different simulation techniques
and tools and different input data, including in-depth accident data, naturalistic driving studies
data, and of course L3Pilot data collected during pilots.
Up to thousands of simulations were conducted for each scenario. The general principle was
to compare the injury accident outcome in the computer simulations in manual driving and
automated driving respectively. Differences in injury accident outcomes per scenario in
simulations led to estimation of effectiveness (reduction or increase of injury accident risk)
per scenario. Results of simulations were then scaled up at the EU27+3 level by using
matching simulated driving scenarios with the accident types of the EU CARE accident
database, changes in overall injury accident risk, accident severities and changes in
frequency of these driving scenarios due to the introduction of ADFs. For scenarios that
could not be simulated, namely loss of control injury accidents or rare injury accidents on
motorways, experts’ estimates supplemented simulations. European wide accident analysis
was supported by national in-depth accident databases. Analysis was conducted on injury
accidents, per level of severity (slight, severe, fatal) for ADF penetration rates of 5%, 10%
and 30%. It was not possible to investigate a penetration rate of 100% due to simulation
restrictions.
As for parking ADFs, relevant cases were identified in insurance collision claims in one
European country and the combination of relevance to ODD, a priori estimates of
effectiveness (reduction of relevant cases by 75% or 100%). Then estimates of actual usage
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led to overall estimations of percentage avoidable accidents. The results were not scaled up
to EU level.
The main results are the following:
•

•

•

•

•

•

•

Overall, automated driving is capable of reducing the number of injury accidents. For the
motorway ADF, the reduction of all road accidents might not appear to be large (0.1%–
1.2%, depending on the penetration rate and accident severity). However, considering the
already high safety status of motorways, the reduction potential is large both on motorways
in general (2.0%–19.0%) and within the ODD (3.8%–27.6%). For the urban ADF, the
reduction of all road accidents is 0.8%–10.2%, depending on penetration rate and accident
severity.
A positive effect in terms of reduction of accidents is expected for most of the analysed
scenarios. For the motorway ADF, an increase of number of accidents was assessed for
the “Minimal risk manoeuvre” scenario and a minor one for the “Wrong activation” scenario.
For the urban environment, a reduction in number of accidents is expected for all simulated
driving scenarios.
Overall, the number of fatal accidents on motorways is estimated to be reduced by 2.0%
(5% penetration rate), 4.2% (10% penetration rate) and 13.1% (30% penetration rate). In
relation to the target accidents of the ODD, this is equivalent to 3.8%, 8.0% and 25.1%. In
the urban environment, the corresponding estimates were 2.0%, 4.1% and 12.2%, and
respectively 4.3%, 8.6% and 25.9%.
Overall, on the motorways, the number of accidents with serious injuries is reduced by
2.3% (5% penetration rate), 5.1% (10% penetration rate) and 15.2% (30% penetration
rate). In relation to the target accident of the ODD this is equivalent to 4.0%, 8.8% and
26.3%. In the urban environment, the corresponding estimates were 2.3%, 4.5% and
13.5%, and respectively 4.2%, 8.3% and 24.9%.
Overall, on the motorways, the number of accidents with slight injuries is reduced by 2.9%
(5% penetration rate), 6.3% (10% penetration rate) and 19.0% (30% penetration rate). In
relation to the target accident of the ODD, this is equivalent to 4.2%, 9.2% and 27.6%. In
the urban environment, the corresponding estimates were 2.4%, 4.8% and 14.5%, and
respectively 4.0%, 8.0% and 23.9%.
As for parking ADF, avoidable share of all insurance collision claims can reach 7% for a
penetration rate of 30%, and probably more than 20% for a penetration rate of 100%,
depending on usage rates.
The qualitative safety impact assessment identified 63 macro safety requirements that are
to be fulfilled to completely achieve these safety benefits, whereas the simulations often
assume that the functions work perfectly in all ODD conditions. The safety requirements
are technology related (sensors, actuators, algorithms), HMI related or driver related
(mental model, perception of automation, procedures, etc.). Moreover, assuming that
compliance to speed limits, lower speeds, lower speed variances, and longer time
headways compared to manual driving are more likely to be associated with automated
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driving and with a lower accident risk, the positive safety benefits are in line with
expectations. Behind lower speeds and longer time headways is technology design
(perception and decision algorithms).
Efficiency and Environment Impact Assessment
The efficiency and environmental impact assessment concerned the mature motorway and
urban ADFs. The parking ADF was excluded from the assessment due to the small influence
of parking manoeuvres on overall travel time and emissions.
Traffic efficiency describes the capability of the road network to carry the traffic demand. It
can be depicted in terms of average speeds, travel times and throughput. In addition, the
reliability of travel time in terms of travel time variation is of importance as it describes how
well the travel time can be estimated. Emissions and energy consumption depend on vehicle
characteristics such as mass, dimensions, engine and tires, the prevailing conditions and
driver behaviour, especially accelerations. Traffic efficiency and emissions are related to a
certain extent, as both benefit from a decrease in variance of speeds and accelerations.
However, conflicts also exist: while efficiency is highest with shorter travel times at high
average speeds, energy consumption is lowest at moderate speeds.
ADFs have the potential to smooth traffic flow by introducing more stable driving behaviour
compared to human drivers. Generally, automated driving behaviour is expected to be more
conservative compared to human drivers, leading to longer time headways and smaller
acceleration and deceleration values. Furthermore, automated vehicles are expected to
adhere to the speed limit. Lower and more steady driving speeds are expected to reduce
emissions and fuel consumption.
Impacts of the motorway ADF were studied in more detail than impacts of the urban ADF.
The approach adopted for motorways could not be applied to the urban context due to the
complexity of the urban networks and a lack of sufficient data available on the different road
layouts – which vary significantly more than motorways – and traffic volumes. Impacts in both
environments were assessed on the basis of traffic simulations. Motorway simulations
covered a large proportion of different motorway layouts in Europe with several traffic
volumes. The urban ADF was studied on a more general level using two examples of urban
road networks.
A snapshot approach was selected for scaling up the motorway results, meaning that the
current (2018) situation was considered as baseline with the only addition of a motorway
ADF for the treatment conditions with the penetration rates 5%, 10%, 30% and 100% among
passenger cars. Accordingly, the vehicle fleet considered in scaling up was otherwise the
same as at present. It was assumed that the applied statistics were valid across the area of
interest for scaling up, including EU27+3. Results for urban areas were not scaled up at the
European level due to lack of data allowing scaling up.
Impacts on traffic flow efficiency were studied with traffic simulations using PTV VISSIM, a
microscopic traffic simulation tool for modelling multimodal traffic. The environmental and
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energy impact assessment used the outputs from the traffic efficiency simulations. CO2
emissions were calculated with EnViVer, which is an emissions modelling software that takes
its input from the vehicle speed profiles produced by VISSIM. It enables estimating emissions
of multiple traffic scenarios and comparing the total exhaust emissions as a result of
changing traffic situations.
Sources for input data included OpenStreetMap, EU27+3-wide traffic volume, vehicle fleet
and weather data from various national or European sources, as well as L3Pilot technical
and traffic evaluation output.
Results of simulations and scaling up show that benefits are possible in situations with high
traffic volumes, where ADFs have potential to improve efficiency and reduce emissions,
especially on motorways. Scaled up to EU27+3 level, the expected impacts are overall
positive but small (less than 1% decrease of CO2 emissions and less than 3% decrease of
energy demand, for all penetration rates) due to most vehicle kilometres being travelled in
low traffic volumes, where no large impacts were detected. The scaled-up impact on travel
time and delay on European level is estimated to be small, at an increase of less than 2%.
On a local level, larger impacts may be observed, for example on regularly congested urban
motorways. However, the focus of the assessment was on achieving an overview of the
situation in Europe as a whole.
Socio-economic Impact Assessment
The data for the socio-economic impact assessment were provided by the impact
assessments, which were scaled up at the European level (EU27+3), providing estimates for
the changes in the number of accidents per severity level (fatal, serious, and slight injuries),
in addition to changes in travel time, CO2 emissions, and fuel consumption. In the socioeconomic impact assessment, the estimated impacts from the mobility, safety, efficiency and
environmental assessments were evaluated quantitatively by applying standard unit costs to
the scaled-up impacts.
Other quantified measures in the analysis included system costs of the ADFs, i.e. ADFequipment costs and maintenance costs. These costs were estimated by independent
experts in the car manufacturing industry.
The socio-economic impact assessment also considered social impacts that could not be
quantified. Non-quantified impacts were addressed qualitatively and assigned plus or minus
signs, where positive signs indicate that impacts are expected to be beneficial for the society,
and vice versa. Non-quantified safety impacts on motorways were related to the reduction in
accidents outside ADFs’ ODD due to inbuilt (AD) sensors in motorway ADF. In addition, the
perception of accident risk, travel time reliability, travel time cost savings, amount of travel
and travel/transport modes, and adherence to speed limits were addressed qualitatively.
For the motorway ADF, the benefit–cost ratio for the quantified impacts is less than 1 for all
penetration rates (5%, 10% and 30%). On the other hand, the non-quantitative impacts are
evaluated as beneficial for the society. Therefore, even though the quantified estimates are
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not sufficient to generate net benefits that exceed the cost of motorway ADF, this ADF may
be expected to be beneficial from the society’s point of view. For the urban ADF, the
expected net social benefits from accident prevention clearly exceed the social costs of this
ADF for all penetration rates. The additional impacts regarding safety impacts of inbuilt
sensors in urban ADF on accidents occurring outside its ODD, and the impacts on the cost of
travel time, indicate monetary benefits on a level that may cause the benefit–cost ratio to be
above 2.5.
Finally, it is likely the case that a package consisting of all ADFs, i.e. with motorway, urban
and parking, would generate social benefits, which exceed the social costs of installing such
a package.
Differences in the socio-economic impact assessment results for the motorway and urban
ADFs are primarily related to traffic accidents. While approximately two-thirds of all injury
accidents occur in urban areas, less than 15% of these accidents happen on motorways.
Therefore, the number of preventable or mitigatable accidents is higher in urban areas than
on motorways, leading to higher monetarised safety benefits for urban ADF.
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1 Introduction
1.1 Motivation for the L3Pilot Project
Numerous projects have paved the way for automated driving (AD) over the years. Today, a
growing number of vehicles are equipped with Advanced Driver Assistance Systems (ADAS),
and drivers are progressively getting used to them. However, automation demands
integrating more and better technology as well as compliance of the technology to user
behaviour and acceptance of automated driving functions (ADF). In addition, legal
considerations related to certification of AD need to be addressed before AD can be rolled
out.
The newly-attained levels of technology maturity in higher automation of the vehicles such as
conditional AD and also fully AD need appropriate assessment of the technology before
introduction of conditional and fully automated vehicles in daily traffic. Conditional AD refers
to SAE Level 3 (L3) automated driving functions (Figure 1.1), where all driving tasks are
performed by the vehicle, but conditioned on taking over the driving task whenever it is
requested by the vehicle. In fully AD, i.e., SAE Level 4 (L4), all driving tasks are performed
by the vehicle and the driver does not need to intervene.

Figure 1.1: SAE Levels of Driving Automation (SAE, 2021).
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L3Pilot project has, in fact, taken one of the further steps before the introduction of
automated vehicles in daily traffic. The overall motivation in L3Pilot has been to test and
study the viability of AD as a safe and efficient means of transportation, to gain knowledge
base for exploring and promoting new service concepts to provide inclusive mobility to all
user groups.

1.2 L3Pilot Objectives
L3Pilot objectives aimed at providing an appropriate assessment of AD impacts in terms of
technical aspects of ADFs (system functionality and vehicle security), evaluation of user
behaviour and acceptance of ADFs, evaluation of mobility, safety, efficiency, environmental,
and societal impacts of ADFs, along with emerging business models.
To achieve these goals, the L3Pilot project executed large-scale testing and piloting of AD
with developed SAE Level 3 (L3) functions (Figure 1.1) exposed to different users in mixed
traffic environments including conventional vehicles and vulnerable road users (VRUs)
covering different road networks (urban roads, motorways and parking areas).
L3Pilot focussed primarily on L3 automated driving functions. By means of extensive piloting
and testing on real road networks across Europe and with sufficiently long operation time, it
was possible to capture the interaction between the driver and different ADFs, and validate
the functionality of these ADFs. In addition, L3Pilot provided testing of L4 ADFs at a lower
scale.
The data collected in these extensive pilots provided substantial support in achieving the
main aims of the project, which were to:
1. Create unified de-facto standardised methods to ensure further development of AD
applications (Code of Practice for the development of ADFs).
2. Lay the foundation for the design of future user-accepted L3 ADFs (and L4) to ensure
their commercial success by assessing user reactions, experiences, preferences and
acceptance of the AD functionalities.
3. Provide evaluation of the impacts of ADFs on safety, mobility, efficiency and
environment, along with the evaluation of societal impacts.
4. Provide better foundation for stakeholders such as authorities and certification authorities
to prepare measures for supporting the uptake of AD, implementation of necessary
regulations for AD, as well as incentives for the users.
5. Create a large database to enable simulation studies of the performance of ADFs in the
future.
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1.3 Approach and Scope
The L3Pilot project focused on large-scale piloting of ADFs and evaluation of the tested
automated functions. The key in testing was to ensure that the functionality and performance
of the systems were consistent, reliable and predictable. This is important for enhancing user
experiences with AD, which in turn accelerate acceptance and adoption of the technology
and also improve the deployment of AD.
The L3Pilot consortium brought together stakeholders from the whole value chain, including
OEMs, suppliers, academic institutes, research institutes, infrastructure operators,
governmental agencies, insurance sector, and user groups. Pilots involved 750 users
(professional and non-professional drivers) who tested 70 vehicles across Europe with bases
in 7 Countries, including: Belgium, France, Germany, Italy, Luxembourg, Sweden, and the
United Kingdom, as shown in Figure 1.2. In total, approximately 400,000 kilometres were
driven, where around half of that was automated mode and the other half in manual mode
(baseline for comparison).

Figure 1.2: L3Pilot testing areas.
In addition to pilot testing across Europe, the project also aimed to study user preferences,
reactions, willingness to use and willingness to pay for vehicles equipped with AD systems.
In summary, the L3Pilot concept can be split into the following major activities:
●

Development of test and evaluation methodologies, actual on-road testing and evaluation
of ADF functions, evaluation of impacts related to safety, mobility, efficiency and
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environment and also their societal impacts. In this scientific part, a variety of controlled
experiments were carried out.
●

Promotion of the project contribution for maximum impact including dissemination of the
project results and communication to the public through showcases in order to accelerate
deployment of AD.

1.4 Overall methodology in L3Pilot
The project follows the FESTA V process methodology (FESTA Handbook, Version 7, FOTNet & CARTRE, 2018), adapted to suit L3Pilot needs, for setting up and implementing tests
with the four main pillars, as follows: (i) Prepare, (ii) Drive, (iii) Evaluate, and (iv) Address
legal and cyber-security aspects (see details on adaption of the methodology in L3Pilot
Deliverable D3.4 Evaluation methodology by Innamaa et al. (2020). FESTA was originally
created to be applied to Field Operational Tests (FOTs) with market-ready products.
Therefore, it does not necessarily fully apply to studies with prototypical ADFs. Thus, some
adjustment of the “V” structure was needed to accommodate testing of prototype
functionalities, such as ADFs, in real traffic, see Figure 1.3.

Figure 1.3: FESTA V adapted to the L3Pilot project.
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The adaptation made to the original “V” included the following:
●

The description of functions and use cases involves two separate steps in the original
FESTA V. Because in L3Pilot the use case description is linked to the operational design
domains (ODD) of the tested ADFs, these two aspects are combined in our adapted
process.

●

Research questions and hypotheses is kept the same as in the original FESTA V.

●

In the original FESTA V, defining performance indicators is combined with devising the
study design. Defining measures and sensors is a separate step. In the L3Pilot project,
the data specification is combined as one step (performance indicators and measures)
and study design is handled as a separate step due to the subproject structure of the
project. In this step, L3Pilot also specifies the evaluation plan, whereas the original
FESTA V does not include an evaluation plan specification at all.

●

The original FESTA V goes directly from measures and sensors to data acquisition. In the
adapted version, this is divided into four steps: test site set-up as part of preparation, pretests, and test as phases of the actual data collection and test site wrap-up, which is
conducted after the tests.

●

The phases database and data analysis in the original FESTA V are combined into data
processing in the adapted version of the V.

●

The original FESTA V phase research questions and hypotheses testing is divided into
three phases in the adapted V: [evaluation of] technical performance and cybersecurity,
user acceptance and driving and travel behaviour.

●

The evaluation phase impact assessment is specified as impact on safety, mobility,
efficiency and environment in our adapted V. The last phase of the evaluation is called
socio-economic cost-benefit analysis in the original FESTA V. In the adapted version, it is
called [the evaluation of] societal impacts.

In the evaluation stage, a holistic approach was used by analysing different aspects of ADFs
based on real-world driving data. As such, the approach followed FESTA evaluation
domains: technical, user acceptance, driving and travel behaviour, impact on traffic, and
societal impacts (Figure 1.4). The holistic evaluation approach of L3Pilot considered three
dimensions (single vehicle, fleet, Europe). This report deals rather with last aspect of
determining the impacts of ADF on European level. The evaluation also took into account
that the test vehicles are not market-ready products.
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Figure 1.4: Considered evaluation aspects depending on the level of traffic and evaluation
domain.

1.5 Objectives of Deliverable D7.4: Impact Evaluation Results
The main objectives of this deliverable are to provide evaluate the impacts of automated
driving functions with respect to mobility, safety, efficiency and environment, and socioeconomic impacts.
1.5.1 Objective of the Impact Evaluation
“Impact evaluation” means the assessment of the potential impacts of ADFs on mobility,
traffic safety, the environment and traffic efficiency.
As for mobility, personal behaviour is determined by individual travellers’ choices, which are
constrained by their available time budget and means of travel and influenced by personal
and cultural attitudes. Therefore, the assessment of mobility impacts of ADFs is about
understanding people's attitudes and beliefs, and how they can turn into future behaviour.
Mobility impact assessment focused on three main topics: the impact of ADFs on quality of
travel, the impact of ADFs on travel patterns, and the impact of ADFs on amount of travel.
As for traffic safety impact assessment, the objective is to assess the effect of ADFs on traffic
safety, which consists of three dimensions: exposure (measures either in terms of kilometres
driven, hours spent on the road, vehicle fleet, or any other indicators), crash risk (number of
accidents per unit of exposure), and severity of injuries. The exposure aspect is covered both
by the mobility impact assessment and the efficiency impact assessment. Therefore, the
remaining important research questions concerns the impact of ADFs on the number and/or
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the likelihood of road crashes and their severity, possibly with breakdowns by driving
scenario and specific road users. The impact can be positive (i.e., technology reduces
accidents) or negative (i.e. potentially new safety risks occur). The basic principle of the
approach is to estimate the effects of ADF for certain driving and traffic scenarios. In
addition, a qualitative safety impact assessment mainly looks at the effective mechanisms
that could lead to an expected overall reduction in accident and injury risks due to ADFs.
As for efficiency and environmental impact assessment, the objective is to assess the
potential impacts on traffic efficiency and CO2 emissions. Impacts are studied in terms of
changes in travel time, delay, average speed, energy demand, fuel consumption and CO2
emissions.
All impact assessments are conducted considering so-called “mature” motorway and urban
ADFs, and also mature parking functions for the traffic safety impact, instead of considering
each single ADF tested in the pilots. Mature ADFs are generic functions which physical
characteristics are described in chapter 2. The traffic jam ADF was assessed together with
the motorway ADF, as separate assessment was not possible due to lack of reliable EU-wide
data on traffic jams.
The results of impact evaluation are systematically scaled up at EU27+3 (The United
Kingdom, Norway and Switzerland) level. For all impact assessments, scaled-up effects are
considered, when possible, at different penetration rates of ADFs in the car fleet (5%, 10%,
30% and 100%).
1.5.2 Objective of the Socio-economic Impact Evaluation
The socio-economic impact assessment considers the net welfare effect for the society
regarding L3 automated driving functions. The net welfare effect or gain for a society is the
difference between benefits and costs to the society and its stakeholders. The purpose of the
socio-economic impact assessment is to find out whether the benefits of equipping vehicles
with ADFs outweigh their costs. If this is the case, the implementation of the technology is
considered to be beneficial to society and/or the stakeholders.
For the socio-economic impact assessment, a “snapshot” of the world today is used as the
basis for analysis. The baseline scenario is the world of today, i.e. without automated driving
functions (mature ADFs). Alternative scenarios (treatment) are compared to the baseline
scenario. Alternative scenarios illustrate how the world of today would look if a specific
proportion of current vehicles were replaced with L3 vehicles. In this way, it is possible to
assess the pure impacts of implementing ADFs on traffic safety, efficiency and the
environment. To assess the potential socio-economic impacts of automated driving, the
socio-economic impact assessment incorporates the results obtained by all impact
assessments into a cost-benefit analysis using a snapshot-approach as mentioned above.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

34

1.6 Outline of the report
The present deliverable is the final deliverable in Subproject 7 Evaluation in L3Pilot.
The remainder of the deliverable is organized as follows. Chapter 2 describes the overall
design and methods in L3Pilot by providing a description of the ADFs that were tested and
analyzed in the pilots, in addition to the description of the analyzed scenarios in impact
assessments. Chapter 3 presents the analytical approach, including methodology and
analyses underlying the evaluation of impacts of ADFs on mobility. This chapter highlights
the findings from pilot site survey and surveys among general public.
Chapter 4 presents an overview of the related literature and presents the methodological
approach, data and analyses underlying the evaluation of impacts of ADFs on safety
impacts, and also the scaled-up results regarding safety impacts. All derived impacts and
findings are highlighted. Chapter 4 provides both quantitative and qualitative analyses of
safety impacts of ADFs. The Efficiency and environmental impact assessment is presented
in Chapter 5, where the methodology for simulations, data and derived scaled-up results are
reported in detail. The Socio-economic impact assessment is reported in Chapter 6. The
analytical approach, including methodology for assessing the societal impacts are described.
Both quantitative and qualitative analyses of societal impacts of ADF technology are
presented in terms of mobility, safety, efficiency and environment.
All impact assessment chapters provide discussions regarding the results, address any
limitations and conclude. Moreover, all details regarding different impact areas such as
literature review, methods, analytical approach and data are presented in respective annexes
for each impact assessment area. Chapter 7 presents an overall discussion of the impact
evaluation results and concludes.
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2 Overall design of the impact assessment
Impact assessment and socio-economic assessment do not address the prototype
implementations that are tested in the pilots and analysed in the technical & traffic and user
& acceptance evaluations. The reason is that the impact assessment analyses the potential
impacts of ADFs in perspective, when they are in use on a larger scale. It is expected that
the ADFs will be developed further from the ones tested in L3Pilot. Therefore, so-called
mature functions and their ODD have been defined to represent such future ADFs (see
Deliverable D3.4 Evaluation Plan by Innamaa et al., 2020). Scenarios are needed to acquire
the context for driving and to connect collected data to the impact assessment. Building on
the scenarios, computer simulations are the means for the impact assessment in the safety
as well as efficiency and environmental impact assessments. The mobility impact
assessment based on surveys and interviews provides additional input for those
assessments. All results are later used in the social-economic impact assessment for a
comprehensive societal analysis of automated driving.

2.1 Mature Automated Driving Functions
The mature function descriptions were developed in cooperation with ADF developers and
have been cross-checked with the data from the pilot experiments. Thus, they consider the
knowledge collected within L3Pilot and represent ADFs that are mature enough for use on
public roads by ordinary drivers. It is important to note that the defined mature ADFs do not
represent any particular L3Pilot ADF tested at any of the pilot sites. Rather, they provide a
generic description of what these ADFs may look like when adopted by users on a large
scale.
2.1.1 High-level description of the L3Pilot mature ADF
The motorway and urban mature ADF keep the vehicle in lane or perform lane changes and
hold a safe distance from vehicles in front. All mature ADFs operate both in daylight and at
night, and in good weather conditions or in light or normal rain. However, heavy rain (over
7.5 mm/h), snow, fog and extreme weather conditions, as well as icy or snowy road surfaces,
are outside their ODD. The ADFs can handle small gaps in lane markings. At the end of the
ODD, a takeover request (TOR) is sent to drivers and they are required to resume control of
the vehicle. In addition to these characteristics common to all ADFs, additional ones are
listed below per ADF.
●

The mature motorway ADF requires a road infrastructure that ensures a clear separation
between opposing directions of traffic and visible lanes and road markings. The mature
motorway ADF can start operating after the vehicle has merged into the motorway and
ends before or when the vehicle leaves the motorway. The ADF can handle weaving
without ramps. Driving in toll station areas is not included.
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●

The mature traffic jam ADF is a sub-function of the motorway ADF and works in the same
ODD, except that it operates only in congested (traffic jam) conditions and reaches
speeds of up to 60 km/h. The mature motorway ADF also includes the mature traffic jam
function. In the following, both functions are assessed together under the mature
motorway ADF.

●

The mature urban ADF operates on urban roads at speeds of up to 50 km/h. It requires
lane markings or clear curbs on both sides of the lane. A form of markings is also needed
for handling street-side parking, bicycle lanes etc. – either as lane markings or clearly
defined on a high definition (HD) map used by the vehicle. The ADF can drive in
signalised and non-signalised intersections. It can handle simple roundabouts; takeover is
requested only for complex roundabouts.

●

The mature parking ADF has two functionalities: home zone parking and public parking.
Home zone parking is intended for use on private parking grounds, while public parking
covers parallel and perpendicular parking in public parking spaces such as street-side
parking and parking lots. Both functionalities handle static objects and other slow-moving
traffic participants.
●

The mature home zone parking can handle the actual parking manoeuvres and drives
on the private driveway to reach the parking spot and park the car. This functionality
requires pre-training of the trajectory from the driveway entrance to the dedicated
parking spot. In home zone parking, the user can be outside the vehicle and is not
required to monitor the manoeuvres.

●

The mature public parking functionality requires the driver to be inside the vehicle and
monitor the parking manoeuvre. Markings or parked cars are needed to indicate the
available parking space. The ADF does not require pre-training of the trajectory.

2.1.2 Implementation of the mature L3Pilot ADF for the simulation
The above described mature ADFs are the basis for the impact assessment. However, it is
also obvious that for the simulations that are conducted in the safety and efficiency impact
assessments, a more detailed function description is required. Here it must be considered
that the simulations focus on the motorway and urban environments. The detailed
descriptions therefore need to focus on these two environments. A particular challenge in this
context is the utilization of different simulation tools in L3Pilot. Therefore, a detailed
description was agreed on, which was then implemented by each partner individually, to the
extent possible. To support this implementation, a reference implementation of the mature
ADF in Simulink has been provided to the partners. Partners of safety impact assessment
were asked to checkall aspects of their own implementation against the reference
implementation. The traffic simulations in the efficiency impact assessment were based on
mature ADF implementation as closely as was possible with the software used for efficiency
simulations.
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For the detailed function descriptions different components of the mature L3Pilot ADF
needed to be defined. These are the sensor setup, the longitudinal control, the lateral control,
the minimal risk manoeuvre and the automatic emergency braking functionality (AEB) (see
Figure 2.1).
For the sensor setup a simplified approach was taken, which relies on the definition of the
sensors’ field of view as well as their position and orientation. Effects that might influence the
sensors’ performance in a negative way – e.g. measurement errors, false negative or
positive detections – were not considered for impact assessment. Overall, five different
sensors were defined: two sensors to cover the front area, two for the rear and one central
sensor, which covers the close surroundings of the vehicle. It must be noted that in reality the
central sensor is a combination of many different sensors, which are fused to one for
simplicity reasons in L3Pilot. An overview of mature L3Pilot ADF’s sensors and their
parameters is given in Table 2.1 as well as Figure 2.2. For urban scenarios, the mature
function follows the same logic as for the motorway. However, compared to the motorway the
urban mature ADF has greater aperture angles for most sensors. Additionally, the urban
mature ADF is equipped with sensors at the front corners pointing to the sides, which allows
for perceiving object at intersections as early as possible, even if the view is obstructed.
Take over
Lateral
Control:
Decide on
lane
change

Sensor
Fusion

Lateral Control:
Lane control and
execute lane
change

+ Module
for ending
Lane

Sensor
Front
object

Sensor
Speed
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Control:
ACC &
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M
R
M

Figure 2.1: Overview of the reference implementation of the motorway mature L3Pilot ADF in
Simulink.
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Table 2.1: Overview sensors of the mature L3Pilot ADF (motorway).
Sensor
ID

Name

Range

Opening
angle

Location

Orientation

1

Front Long

200 m

20°

Front centre

0

2

Front Short

60 m

60°

Windscreen
centre

0

3

Rear Long 1

200 m

20°

Rear bumper
corner left

9°

4

Rear Long 2

200 m

20°

Rear bumper
corner right

-9°

5

Close surrounding

Radius 10 m

360°

Centre

N/A

60 m

200 m
20°

10 m
20°

200 m

60°
Figure 2.2: Sensor setup of the mature L3Pilot ADF – motorway (visualisation in openPASS).
The longitudinal control of the mature ADF is in charge of adjusting the velocity and, in case
of a proximate lead vehicle, the distance. For this purpose, the mature ADF that is used in
the simulation builds on an ACC controller. The ACC controller starts to adjust the distance
once the lead-vehicle is less than a time gap of 8 s away. It tries to adjust the time gap in carfollowing situations to 1.6 s. In case the vehicle brakes to a standstill the remaining distance
to the lead-vehicle should be 2 m. The acceleration from the standstill should not exceed
3.5 m/s² and for velocities above 80 km/h the acceleration is limited to 1.5 m/s². The
deceleration of the mature ADF should be – as long as the situation is not critical – less than
3 m/s². Furthermore, the ego-vehicle should not overtake other vehicles on the right side.
Therefore, the ego-vehicle has to react to a slower vehicles in the adjacent left lane as well1.
Along with control of the distance, the longitudinal control needs to take care of the velocity.
The maximum velocity of the mature L3Pilot ADF is 130 km/h. If a speed limit is present, the
ADF should always drive at a velocity equal to or lower than it. In case the ego-vehicle
approaches a new lower speed limit, the earliest point of time at which the vehicle starts to

1

The description assumes an ADF operating in right-hand traffic. In case of left-hand traffic, the same principles
apply, but directions are changed accordingly.
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decelerate should be 180 m before the speed limit. The maximum deceleration is 1.5 m/s².
The vehicle should start to decelerate once the required deceleration to reach the speed of
the new speed limit exceeds 0.5 m/s².
The lateral control should ensure that the ego-vehicle drives, whenever possible, in the right
most lane. While driving in the lane the mature ADF keeps the vehicle in the centre of the
lane. The decision on a lane change is taken depending on the difference to the given speed
limit and the speed difference to the surrounding vehicles. Important to note is that the ADF
will always do just one lane change at a time. Any subsequent lane changes can be
conducted, at the earliest, 15 s after the previous lane change. The criteria to decide on a
lane change are given in Table 2.2. The exact trajectory for the lane change is kept open and
should be defined in accordance with the simulation. The only requirement here is that the
lane change should be executed in a timeframe of between 6 s and 7 s. The values have
been derived from the L3Pilot data. In case the situation is assessed as unsafe during the
lane change, the lane change is aborted if the centre of the ego-vehicle is still within its
original lane.
Table 2.2: Overview of lane change criteria of the mature L3Pilot ADF (motorway).
Criteria

Description

Value

Start lane change

The ADF should initiate only in cases in which the
ego-vehicle is more than x km/h slower than the
desired velocity or the current given speed limit.

X:

Driving in the right
lane

The ADF should initiate a lane change to the right
lane in case the THW in the right lane is greater
than x s.

X: THW > 6 s

Other vehicle with
low speed difference

The ADF should not conduct or abort a lane change
in case another vehicle is max(x, y) behind or in
front of the ego-vehicle

X: xmin = 10 m
Y: THWmin = 1 s

Fast approaching
other vehicle

The ADF should not conduct or abort a lane change
in case another vehicle is max(x, y) behind or in
front of the ego-vehicle and the required
deceleration of the other vehicle exceeds a value z.

X: xmin = 10 m
Y: THWmin = 1 s
Z: -a_OV = -2 m/s²

Duration between
two lane changes

The duration between two lane changes should be
at least x s.

X: t = 13 s

v >10.8 kph

The minimal risk manoeuvre is also implemented with a simplified approach. Once a
manoeuvre is initiated the vehicle decelerates constantly at 2 m/s². In case the situation gets
critical (i.e. time-to-collision (TTC) drops below 3 s), deceleration is ramped up according to
the deceleration that is required to avoid a collision. The collision avoidance deceleration
during the minimal risk manoeuvre is limited to 5 m/s². The braking continues until the vehicle
reaches a standstill, or the driver takes over. In case the driver takes over, the ADF is
switched off. During the simulation no reactivation of the ADF is considered.
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The last component is the emergency braking functionality (AEB). This component is
activated once a conflict with an object in front of the ego-vehicle (such as a vehicle,
pedestrian, motorcyclist, cyclist etc.) is detected. The functionality has been designed in a
way that complies with the current consumer testing, i.e. it would attain a good performance
in today’s consumer tests by Euro NCAP (Euro NCAP 2017). The same functionality is also
used for the manually driven vehicles that are equipped with an AEB. The metric to activate
the AEB is the TTC. Once the TTC falls below the braking threshold that is velocity
dependent (see TTC activation in Figure 2.3), the braking manoeuvre starts. The braking is
done in two phases. In the first phase a deceleration of 3.5 m/s² is applied for 0.4 s. In the
second phase the deceleration is applied that is required to avoid an accident. Of course, the
acceleration in this phase is limited to the maximal possible deceleration, which is defined by
the vehicle capabilities and the road conditions.

-a_x
[m/s²]

1.5

TTC [s]

T = 0.4 s

aRequried

35 m/s³
3.5

1

0.5

35 m/s³
Braking stage 2

Braking stage 1

TTC [s]

0
0

50
100
Velocity [km/h]

150

Figure 2.3: Braking profile and activation threshold of the AEB functionality of the mature
L3Pilot ADF.

2.2 Analysed scenarios
In the following a definition of “scenario” in the L3Pilot context is given. Afterwards the
baseline and treatment conditions are explained.
A driving scenario is a short period of driving defined by its main driving task (e.g. carfollowing, lane change) or triggered by an event (e.g. an obstacle in the lane). Driving
scenarios are an essential means of structuring the evaluation purposes within the different
evaluation areas in L3Pilot. They allow for a dedicated in-depth analysis of specific aspects
of ADF. Driving scenarios describe the direct behaviour and interactions of a limited number
of traffic participants as well as their relation to the road network and the environmental
conditions. An example of a driving scenario is a Cut-In: The ego-vehicle is following its lane
at its desired speed while another vehicle executes a lane change onto the lane of the egovehicle, while decelerating, so that the ego-vehicle needs to adapt its speed to keep a safe
distance. The driving scenarios are only relevant for the safety impact assessment. Two
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naming schemes were used. “P” is used for scenarios that are associated with a potential
safety gain. These scenarios have been derived from accident types. Scenarios with “N”
indicate scenarios that are potentially challenging for the ADF. These scenarios have been
derived from a function analysis as well as from the STAMP method (see 4.3.4). For the
urban scenarios, in which only accident scenarios are considered, different IDs were used.
Here, the ID indicated the involved parties and vehicles and their actions. For scenarios at
intersections, the first letter denotes the manoeurve by the ego-vehicle: Crossing, Right Turn
or Left Turn; the second states whether the scenario involves a vehicle (V) or a pedestrian
(P). The third letter gives the direction of origin of the object vehicle. If necessary, a number
is added to the scenario to determine variations, e.g. CVL1 describes “Crossing with a
vehicle from the left side making a left turn”. Scenarios outside intersections are defined by
abbreviations of the scenario.
An overview of the simulated driving scenario for the motorway in the safety impact
assessment is given in Table 2.3. For the safety impact assessment of motorway driving, two
simulation approaches were used (see method section 4.2.1.1), namely the counterfactual
simulation approach and the Monte-Carlo (MC) based traffic simulations approach.
Depending on the driving scenario and the related conflict type the most appropriate
approach has been selected. For the urban environment one simulation approach was used
and scenarios are given in Table 2.4. Scenarios involving cyclists have not been listed
separately. However, the pictograms indicate whether a scenario was considered for cyclists.
In the following, cyclist scenarios are named by appending “B” to the scenario code as
depicted in Table 2.4.
Table 2.3: Simulated driving scenarios for the motorway in the safety impact assessment.
ID

Name

Simulation
approach

Brief description

P1

Rear-end
conflict

Counterfactual

Ego-vehicle approaches a slower or
decelerating vehicle.

P2

End of traffic
jam conflict

Counterfactual

Approaching a stationary vehicle or very
slow vehicle at the end of traffic jam.

Counterfactual

Another vehicle is cutting-in front of the egovehicle. “a” cut-in results in a rear-end
conflict, “b” cut-in results in a sideswipe
conflict.

P3a / P3b

Cut-in conflict

P4

Lane change
conflict

MC based traffic

Ego-vehicle is performing a lane change.

P5

VRU conflict

MC based traffic

Ego-vehicle encounters a VRU conflict.

N1

Minimal risk
manoeuvre

MC based traffic

A minimal risk manoeuvre is activated for
the ego-vehicle.

MC based traffic

A situation is simulated, in which the driver
thinks that he / she has activated the
function but has not.

N2

Wrong
activation
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ID
N3

Name
End of lane

Simulation
approach

Brief description

MC based traffic

The ego-vehicle encounters the end of its
lane and has to change to a new lane.

N4

Obstacle in
the Lane

MC based traffic

The ego-vehicle encounters an obstacle on
the road.

N5

Lower speed
limit

MC based traffic

The ego-vehicle encounters a new lower
speed limit.

N6

Motorway
entrance
(passing)

MC based traffic

The ego-vehicle is driving on a motorway
and passes a highway entrance at which
other vehicles enter the motorway

Table 2.4: Simulated driving scenarios for urban safety impact assessment.
Code
CVL0

Description

Schema

Crossing with vehicle
from left going
straight

CVL1

Code

Laterally moving
pedestrian from left
PR

CVR0

Laterally moving
pedestrian from right
LPL

Crossing with vehicle
from right
CVR1

LPR
Crossing with vehicle
from right turning left

CO

Schema

PL

Crossing with vehicle
from left turning left

CVR2

Description

Crossing with vehicle
from right turning
right

Crossing with
oncoming vehicle
(turning across path)
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RPR

Left turn with
pedestrian crossing
from left
Left turn with
pedestrian crossing
from right

Right turn with
pedestrian crossing
from left

Right turn with
pedestrian crossing
from right

43

Code
RVL

Description

Schema

Right turn with
vehicle coming from
left

LVR1

Code

Schema

AL
Approaching a
leading object
AS

Left turn with vehicle
coming from right
LVR2

Approaching a static
object
ASP

Left turn with
oncoming vehicle
LVL

Description

Left turn with vehicle
coming from left

CI

Approaching a
pedestrian stationary
in road
Cut-In by another
vehicle

Furthermore, for impact assessment traffic scenarios are used in addition to the driving
scenarios. These scenarios have a broader horizon than the driving scenarios and cover a
specific road section with certain traffic characteristics. Thus, traffic scenarios define traffic
conditions of interest and are used for the safety and efficiency impact assessment. They are
used to describe a desired section of road or road network and define the broad traffic
conditions such as the number of lanes, traffic volumes, speed limit, traffic light phases and
the proportion of heavy-duty vehicles. An example of traffic scenario is simulation on threelane motorways at a speed limit of 130 km/h with a traffic volume of 1000 vehicle per lane
and hour. In contrast to the driving scenario, in the traffic scenario no manoeuvres are predefined. The occurring manoeuvre depends entirely on the decision of the simulated traffic
participants. Therefore, the simulation outcome of traffic scenarios can be analysed with
regard to occurring driving scenarios, similar to the analysis of the technical and traffic data.
Independent of the scenario type the impact assessment compares a baseline condition with
a treatment condition (see Table 2.5). The baseline describes the situation in absence of any
ADF, whereas the treatment includes ADF vehicles. Depending on the assessment scope,
the baseline and treatment conditions have been defined differently. The safety impact
assessment considers two baseline conditions (one with and one without AEB). The
efficiency and environmental impact assessment uses only one baseline definition, since the
effect of AEB is considered to be small with respect to the relevant indicators. On the other
hand, the efficiency and environmental impact varies in the treatment condition and the
penetration rate of the ADF in the traffic. For the safety impact assessment this has only
been possible for the Monte-Carlo based traffic simulations approach. The counterfactual
approach covers in its scenario only two objects – the ego-vehicle and the conflicting traffic
participant. A variation of the ADF penetration rate of the surrounding traffic is not possible

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

44

here. The effects for different penetration rates need to be calculated by interpolation
between the baseline and treatment condition.
Table 2.5: Considered baseline and traffic conditions for the impact assessment

Type EgoVehicle Safety
Impact

Safety Impact
Assessment –
Counterfactual
(motorway)

Safety Impact
Assessment –
MC Based
Traffic
(motorway)

Efficiency and
Environmental
Impact
Assessment
(motorway and
urban)

Baseline

Manual

Yes

Yes

Yes

Baseline w. AEB

Manual

Yes

Yes (AEB
proportion 7.5%)

No

Treatment (ADF
Traffic 0%)

ADF

Yes

Yes

No

Treatment (ADF
Traffic 5%)

ADF

No

Yes

Yes

Treatment (ADF
Traffic 10%)

ADF

No

Yes

Yes

Treatment (ADF
Traffic 30%)

ADF

No

Yes

Yes

Treatment (ADF
Traffic 100%)

ADF

No

(Yes) -> planned
but not feasible

Yes

Condition
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3 Mobility Impact Assessment
3.1 Introduction
If car drivers did not need to focus on driving, they could spend their travel time on other
activities. Also, the stress of driving could decrease, if the control of the car could be handed
over to a reliable ADF. Automated driving has been projected to have a profound impact on
personal mobility, enabling more and longer trips by car (Milakis et al., 2017; Soteropoulus et
al., 2019).
Changes in personal mobility have implications for the other impact areas (efficiency,
environment and safety). For example, increase in vehicle kilometres travelled (VKT) could
also increase traffic congestion and energy demand. When VKT by car increases, so does
exposure to the risks, influencing the net safety impact of ADFs.
Personal mobility behaviour is determined by individual travellers’ choices, which are
constrained by their available time budget and means of travel and influenced by personal
and cultural attitudes. Therefore, the assessment of mobility impacts of conditionally
automated cars entails understanding people's attitudes and beliefs, and how they will
influence future behaviour. Because of this complexity, the impacts cannot be easily split by
each ADF as for the other impact assessment areas. Hence, the assessment is primarily
performed for a more general mature conditionally automated car instead of motorway, urban
and parking ADFs separately.
3.1.1 Literature review
Automated driving allows drivers to disengage from the driving task. This could increase
productive use of travel time and travel comfort, e.g., by relieving the stress of driving during
the rush hour or in other demanding conditions (Singleton, 2019). Overall, the possibility of
disengaging from the driving task can be thought to have the potential to improve travel
quality.
For full automation (SAE level 5), it is easy to conceive that the travel quality would improve.
However, with lower levels of automation, this may not be the case. Considering conditionally
automated cars, the requirement to be ready to take over control within a relatively short time
span may prevent drivers from being able to disengage from monitoring the car and
surrounding traffic. Because conditionally automated cars can operate in automated mode
only within their limited ODD, automation would be available only for a part of the trip.
Frequent takeover-requests may reduce trust in the vehicle, and make it feel less safe.
However, even lower levels of automation may have some impacts on personal mobility. For
example, Hardman (2021) interviewed users of SAE level 2 (L2) vehicles, which still require
the driver to monitor the vehicle at all times, and found that L2 users often experienced that
the system increased safety, and decreased the stress and fatigue caused by driving. These
experiences motivated more extensive travel with L2 cars.
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For mobility impact assessment, the key question is how changes in travel quality due to
driving automation translate into changes in travel mode choices and travel decisions. An
example of a change in travel modes would be if a current train user, who spends the travel
time reading and writing emails, would switch to an automated car because multitasking is
possible in an automated driving mode. AVs could even lead to the making of completely
new trips or selecting destinations further away if the travel time can be repurposed for other
activities or resting.
To assess changes in the mobility behaviour, the changes in travel quality must also be
quantified. From a utilitarian perspective, travel behaviour can be conceptualised through the
costs and benefits of travel (DeSerpa, 1971; Jara-Diaz, 2020). Traveling incurs some costs,
be it time, money, or stress, but it also yields instrumental benefits (e.g., enabling different
activities, such as work, running errands, socialising) as well as intrinsic benefits (e.g.,
enjoyment of travel, time off, or expression of identity). From this perspective, time spent
travelling can be thought to have on average a certain cost which may vary mode-by-mode.
In transport economics, this value of travel time (VTT) is often quantified in monetary terms.
The idea is that if the VTT can be quantified alongside the monetary costs of travel, then it
will be possible to estimate the generalized cost of travel, which could be used to model the
travel decisions.
From the above perspective, improvements in the travel quality (e.g., increased comfort and
the ability to multitask) can be expected to decrease the value of travel time in conditionally
automated cars (Singleton, 2019). The decrease in VTT from manually driven to conditionally
automated vehicles can be thought as value of travel time savings (VTTS) and estimated as
percentages, irrespective of the absolute (monetary) value of VTT. In simulation studies,
automation related VTTS is typically used as one of the main factors determining the impact
of AVs on travel behaviour (Soteropoulos et al., 2019; Kröger et al., 2019).
3.1.2 Research questions and hypotheses
The L3Pilot project uses a multidisciplinary mobility assessment approach and framework to
assess the potential mobility impacts of automated driving (Kuisma et al., 2019). The
assessment focuses on three aspects: amount of travel, travel patterns, and travel quality
(Figure 3.1), which were translated into three different research questions:
●

What is the impact of ADF on quality of travel? (RQ-I7)

●

What is the impact of ADF on travel patterns? (RQ-I6)

●

What is the impact of ADF on amount of travel? (RQ-I5)
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Figure 3.1: Mobility model for impact assessment (adapted from Innamaa et al., 2013).
In the L3Pilot mobility impact assessment, the user experience with the vehicle is thought to
impact the travel quality by personal cars. Increase, or decrease, in travel quality is thought
to be the main driver for any change in personal mobility due to ADF.
If travel quality in personal cars increases due to automation, it can be expected that the
amount of travel by personal cars will also increase. Increases may come in two ways:
Current users of other modes (public transport or active travel modes) may switch to cars, or
car drivers may make new or longer trips. Independent of the amount of travel, ADFs may
also change travel patterns by personal cars, meaning where to, by which routes and when
car trips are made. Routes within ODD may be preferred if ADFs increase travel quality.
Also, traffic conditions, such as traffic congestion, which otherwise would be avoided, may be
tolerated with ADFs.
The main reasons for improved travel quality are the possibility of engaging in other tasks
while travelling and increased comfort because of not having to drive. Travellers may also
feel more (or less) safe in conditionally automated cars than in conventional cars.
Improvements in travel quality are expected to lead to VTTS when travelling in automated
mode.
The experienced travel quality is likely to depend on situational and personal factors too. For
example, when the demands of the driving task are either very low or very high, the benefits
can be larger than in situations when the demands are moderate. Situations where the
demand can be too low include for example long trips on monotonous motorways. Such
environments can feel boring and frustrating. Situations where the demand is too high
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include, for example, driving during the rush hour or in adverse conditions, such as in
darkness or when fatigued. For understanding the potential changes in the amount of travel
and travel patterns, it is important to understand conditions where the experienced changes
in travel quality would be greatest.
Beside changes in travel quality, another important determinant for the change in travel is
current unmet travel needs. Unmet travel needs mean that a person would like to perform a
trip for some purpose, but they are or feel unable to make that trip for some reason.
Conditionally automated cars could address some of the reasons for not travelling. For
example, one reason might be lack of time, which conditional automation could somewhat
address by enabling engagement in non-driving related activities. Summary of the research
hypotheses are presented in Table 3.4 alongside the results.

3.2 Method
3.2.1 Data and participants
For the mobility impact assessment, data was gathered through pilot site questionnaires,
focus group discussions and an impact assessment survey. The pilot site questionnaire (see
LPilot Deliverable 7.3 for details) had 479 responses, of which 175 were from urban pilot
sites. 399 of the respondents provided their answers to the mobility impact questions (262
motorway and 137 urban). Of these respondents, 71% were male, 24% female, 1% indicated
other gender, and 4% did not give an answer. 381 reported their year of birth as being
between 1950 and 2000, from which age was approximated by subtracting it from the year
2020 (when questionnaires were administered). Based on this, the average age was 40
years (SD=11, Min=20, Max=70). The pilot site questionnaire was administered to
participants who had experienced a conditionally automated car either as a passenger or as
a driver at the L3Pilot pilot site.
Four focus group discussions with a total of 15 participants were conducted at two pilot sites
(one with motorway ADF and one with urban ADF) to provide further qualitative insights and
guide the interpretation of the pilot site questionnaire results (see Annex 2.1)
The impact assessment survey (Annex 2.2) had 8,432 responses from eight European
countries. Of these respondents, 51.6% were male, 48.2% female and 0.2% indicated other
gender. The average age of the respondents was 43 years (SD=14, Min=18, Max=69). The
survey was administered to Internet panels via a survey research company. The sample
represented the general public without first-hand experience with an automated driving.
3.2.2 Travel quality analysis
Analysis of travel quality focused on the aspects that can influence travellers’ willingness to
use conditionally automated cars for travelling. These included possibilities to multitask while
travelling, feeling of comfort, feeling of safety, user uncertainty and user stress. User
uncertainty can mean uncertainty about the system performance or uncertainty about
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reaching the destination. In a similar way, stress can mean workload related to using the
travel mode or stress related to the whole journey (e.g. number of transfers).
Travellers were also asked how much additional travel time they would accept in two
scenarios. In the first scenario, they were asked how much additional time they would accept
by choosing a route within ODD in exchange for not having to drive themselves. The second
scenario asked how much additional travel time they would be willing to accept during the
rush hour if rush hour traffic were within ODD and they would not need to drive themselves.
The additional travel time questions were used to estimate VTTS of conditionally automated
driving.
3.2.2.1 Travel quality in the pilot site questionnaire
In the pilot site questionnaire, the travel quality analysis focused on the non-driving related
activities, experienced comfort and safety, uncertainty regarding the system performance,
and user stress in terms of workload. It was expected that positive evaluation of the travel
quality would predict a higher willingness to use ADFs on the current trips and/or increase
travelling.
In the questionnaire, the participants were asked to report how often they would like to
perform activities with ADF activated on a six-step scale from very frequently to never. A
Leisure and Work activity scores were calculated as mean of the corresponding activity
frequencies after recoding the responses into numbers (Annex 2.1).
Participants answered the questions on usefulness and satisfying based on the five-point
scales used in van der Laan et al. (1997) (e.g. Useful – Useless). Questions were reversed if
necessary, to the higher values representing positive evaluation, and then an average was
taken.
Three factors were formed based on questions from the pilot site questionnaire to measure
the user experience of ADF, which was considered as another dimension of travel quality. A
factor Trust in ADF was represented by questions on safety, comfort and trust in ADF,
Workload of ADF by questions on difficulty, demand, and stress with ADF, and Predictability
of ADF on the unexpected behaviour of ADF (Annex 2.1). Reliability was good for all items
when tested with Cronbach alphas (> 0.84).
Participants were also asked how much additional travel time in minutes they would be
willing to accept in an alternative route and congestion scenarios. The urban ADF pilot site
questionnaire included only the congestion scenario.
In the alternative route scenario, the question was:
You have a trip that takes 30 minutes of driving. There is an alternative route, which
is somewhat longer but in which this self-driving system would be available. How
much additional time would you be willing to accept for this alternative route,
where the car could drive by itself and you could engage in other activities?
In the congestion scenario, the question was:
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Imagine that you have a partly self-driving car which is able to drive by itself
in congestion. You have a trip that takes 30 minutes of driving. You have scheduled
it to avoid the peak of congestion. How much additional time would you be willing
to accept for the duration of this trip if the car could drive by itself and you could
engage in other activities?
3.2.2.2 Travel quality in the impact assessment survey
In the impact assessment survey, respondents were asked which non-driving related
activities they would like to perform as the driver when the vehicle is in an automated mode,
with responses on a six-step scale (from Always to Not relevant for me). Similarly to the pilot
site questionnaire, a Leisure activity score and Work activity score were calculated after
converting the responses into numerical form (Annex 2.2.2).
Beside activities, the respondents were asked how a conditionally automated car would
change their current travel behaviour in terms of all travel quality dimensions: My productive
use of travel time, My travel comfort, My stress of travelling, My risk of being involved in an
accident (i.e. safety), and Certainty of reaching my destination as planned. Responses were
given on a five-point scale (1 = Decrease greatly, 2 = Decrease slightly, 3 = Stay the same, 4
= Increase slightly and 5 = Increase greatly).
The influence of the socio-demographic background factors was analysed especially for the
impact assessment survey. Background factors included age, gender and intention to use a
conditionally automated car. The intention to use was based on three items from the
questionnaire, “I intend to use a conditionally automated car in the future”, “I plan to buy a
conditionally automated car when it is available” and “If I were driving a conditionally
automated car, I would very likely activate the automated driving function”. Responses were
given on a five-point Likert scale (1 = Strongly disagree, 2 = Disagree, 3 = Neutral, 4 =
Agree, 5 = Strongly agree). The items’ average was calculated and recoded into low
behavioural intention (values 1.00–2.5, 22%), neutral behavioural intention (values 2.6–3.5,
30%) and high behavioural intention (values 3.6–5.0, 48%).
As with the pilot site questionnaire, the respondents were asked to state how much additional
travel time they would accept in two scenarios. Based on the feedback from the pilot sites,
the questions were shortened and clarified:
How much additional time would you be willing to accept if the car could drive by itself and
you could engage in other activities?
… route somewhat longer, but automated driving system available
How much additional time would you be willing to accept in congested traffic if the car could
drive by itself and you could engage in other activities?
… trip scheduled to avoid peak of congestion
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The additional accepted travel time in minutes was asked for with reference to 30-minute and
2-hour trips to understand how the additional accepted travel times may change as a function
of trip length.
3.2.2.3 Value of travel time savings
Value of travel time savings were determined based on the impact assessment survey and
pilot site user questionnaire using the equation presented in Lehtonen, Wörle et al. (2021). It
was assumed that the total cost of travel would be equal to the product of the duration of the
trip when driven manually (TMV) and its VTT (VTTMV). Assuming that respondents aim to keep
the overall costs unchanged, this equals the product of automated driven time (TAV = TMV +
additional travel time accepted) and VTT in automated driving (VTTAV). Consequently, the
ratio between accepted travel times directly reflects a change in the value of travel time
(Equation 1). VTT savings (VTTS) due to automated driving can then be calculated (Equation
2). This assumption is of course only an approximation. It does not properly consider the
other costs of travel and does not consider the traveller’s limited time budget (Kouwenhoven
and de Jong, 2018).
𝑇!" 𝑉𝑇𝑇!" = 𝑇#" 𝑉𝑇𝑇#" ⇔

𝑉𝑇𝑇#"
𝑇!"
𝑇!"
=
=
𝑉𝑇𝑇!"
𝑇#"
𝑇!" + 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑡𝑟𝑎𝑣𝑒𝑙 𝑡𝑖𝑚𝑒 𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑
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3.2.3 Travel patterns analysis
The analysis of travel patterns focused on the possible changes in route, time of traveling,
and mode choice. The expected changes in the use of other transport modes, public
transport and active travel in particular, was analysed.
3.2.3.1 Travel patterns in the pilot site questionnaire
The willingness to choose a route within ODD or start traveling during rush hours were
analysed by investigating the share of those drivers who would be willing to accept some
additional travel time for the two scenarios presented to them.
One important aspect for understanding the potential change in personal mobility is to
investigate current unmet travel needs that conditionally automated cars could address. An
individual traveller could want to travel more if it were easier in some way. For example, the
possibility to engage in other activities while travelling could free up some more time for
travelling. These barriers for current (car) travel were investigated in the pilot site
questionnaire by investigating if current unmet travel needs could be a motive to travel more.
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3.2.3.2 Travel patterns in the impact assessment survey
To investigate whether travellers would be willing to choose a longer route within ODD if they
would not need to drive themselves, or if ADF could influence the willingness to travel during
rush hour, the additional travel times questions were coded into yes or no as with the pilot
site questionnaire.
The expected impact on mode choice was investigated by asking the respondents to state if
conditionally automated cars would lead them to increase or decrease their use of personal
car, public transport and active travel. For timing of trips, the respondents also answered
whether they expected to increase or decrease their peak hour car use. Responses were
given on a five-point scale (1 = Decrease greatly, 2 = Decrease slightly, 3 = Stay the same, 4
= Increase slightly, 5 = Increase greatly).
3.2.4 Amount of travel analysis
The analysis of the amount of travel focused on the possible changes in the number, length
and duration of trips.
3.2.4.1 Amount of travel in the pilot site questionnaire
At the pilot sites, participants had to evaluate three different statements related to amount of
travel: “I would use the system during my everyday trips”, “I would make more trips” and “I
would select destinations further away”. Responses were given on a given on a five-point
scale which were converted to numbers (1 = Strongly disagree, 2 = Disagree, 3 = Neutral, 4
= Agree, 5 = Strongly agree).
The predictors (causal or correlative) for the expected amount of travel were investigated
using linear ridge regression models. Ridge regression is a form of penalized regression,
which gives more stable parameter estimates in a situation with many, possibly correlated
predictors (McNeish, 2015). The penalization factor was set as the value minimizing the
prediction error plus one standard error based on cross-validation.
3.2.4.2 Amount of travel in the impact assessment survey
In the impact assessment survey, participants were asked to evaluate how ADFs would
influence their weekly number of trips as well as distance and travel time they would be
willing to accept on their daily trips. Responses were given on a five-point scale (1 =
Decrease greatly, 2 = Decrease slightly, 3 = Stay the same, 4 = Increase slightly, 5 =
Increase greatly).
3.2.5 Scaling-up
The aim of the mobility scaling-up was to estimate potential changes in VKT to be utilised for
the safety, efficiency and environmental impact assessments. Previous studies have
estimated how much travel demand tends to increase or decrease in response to changes in
e.g. its monetary costs or travel times (de Jong and Gunn, 2001). These tendencies for
change can be expressed using elasticity coefficients that express the relation between
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percentage changes. For example, how many percentages VKT decreases when the fuel
price increases 1% can be expressed with an elasticity coefficient. When expressing the
impact of a change in one travel mode on the demand of another travel mode, e.g. car travel
time on the demand of public transport, the coefficient is called cross-elasticity.
In the mobility scaling-up, the investigation was limited to the direct effects of ADFs: How the
expected improments in travel quality decrease the value of travel time, and how ADFs may
influence actual travel times due to changes in traffic flow efficiency.
Scaled-up VKT by car was calculated with Equation 3. The change is a sum of three
components: effects due to changes in travel time, value of travel time savings, and increase
of travel due to AD availability (accordingly to penetration rate). TT represents the
percentage change in the total travel time due to ADFs in the traffic flow and depends on the
penetration rate. VTTS represent value of travel time savings due to changes in travel quality
in automated driving. These were translated into car VKT changes using the respective
elasticity coefficients ETT,car and EVTTS,car. The resulting change is then scaled to the share of
kilometres, where the AD mode would be available, calculated by multiplying the penetration
rate (PR) by the share of travelling inside ODD. Finally, the elasticity coefficient EPR,car
represents the percentage change in vehicle kilometers as a function of PR. The logic is that
automated vehicles may generate new trips independently of the VTTS change.
𝑉𝐾𝑇$%& = 𝑃𝑅 ∗ 𝑂𝐷𝐷 ∗ @𝑇𝑇 ∗ 𝐸'',$%& + 𝑉𝑇𝑇𝑆 ∗ 𝐸"''),$%& + 𝐸*+,$%& B

(3)

5%, 10%, 30% and 100% penetration rates were used. Share of travelling inside ODD for
motorways was estimated to be 93.9% based on the efficiency scaling-up (5.2.4) and 54.9%
for urban environments based on the original research by Malin et al. (submitted).
The elasticity coefficients were determined based on literature. The value of -0.74 was used
for ETT,car based on Jong and Gunn (2001). The value represents long run elasticity in car
kilometers as a response to car travel time change. The value for EVTTS,car was estimated
based on data reported in Kröger et al. (2019) to be 0.13 (see Annex: Mobility scaling-up.
The elasticity coefficient for the increase in trips EPR,car was similarly estimated based on
Kröger et al. (2019), and was 0.04.
TT values were based on the efficiency scaling-up results for each penetration rate as shown
in Table 3.1 for motorway ODDs (see 5.3.2.2). For urban ODD, the values were not
available.
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Table 3.1: Change in the travel times (TT in %) for motorway ODD as a function of AVs
penetration rate.
Penetration rate

Motorway

5%

0.11%

10%

0.34%

30%

0.48%

100%

0.87%

Based on the impact assessment survey, VTTS for conditionally automated cars was
estimated to vary between 12% and 25% depending on the scenario and trip length (see
3.2.2.3 for the derivation of VTTS). Therefore, the scaling-up was performed with two values,
10% and 25%, to provide an estimate with lower and higher VTTS values.

3.3 Results
3.3.1 Impacts on travel quality
Participants experience with ADFs in terms of Predictability of ADF, Trust in ADF, Workload
of ADF (Annex 2.1), and van der Laan’s (1997) Satisfying and Usefulness ratings was
relatively high (Figure 3.2). Willingness to engage in leisure activities was relatively high
(Figure 3.3). Willingness to work was also high among motorway participants, but varied from
low to high among urban participants. Overall, the ratings suggest that the travel quality with
conditionally automated cars is mostly good, but there is still some variance in the ratings.
The variance is useful, because it will allow for the investigation of how travel quality
influences expectations to an increase or decrease travelling by conditionally automated
cars.
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Figure 3.2: Boxplots for the travel quality measures in the pilot site questionnaire (n=262
motorway, n=137 urban). Boxes represent the first quartile, median, and the third quartile of
the data. The whiskers (lines) extend at most 1.5 times the inter-quartile distance away from
the first or third quartile. Values outside the whiskers (outliers) are marked as dots. Factor
score scale shows the correspondence of the scores to the original responses.
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Figure 3.3: Boxplots for the leisure activity and work activity scores in the motorway and
urban pilot sites questionnaires (n=262 motorway, n=137 urban). Activity score scale shows
the correspondence of the scores to the original responses.
Of all respondents in the impact assessment survey, 44%–59% expected no change in their
travel quality (Figure 3.4). Respondents expected improvements especially for for travel
comfort (46%) and productive use of travel time, i.e. possibilities for engaging in non-driving
related tasks (39%). Around one-third of respondents expected an improvement in the stress
of travelling (33%), certainty of reaching destinations as planned (30%) and feeling of safety
(29%). Respondents’ expected improvement in travel quality increased with increased
behavioral intention to use conditionally automated cars. The largest differences between
respondents’ having a low and high behavioral intention to use a conditionally automated car
were found for expecting and improvement in travel comfort (20% vs. 63%) and productive
use of travel time (17% vs. 54%). In general, participants were willing to engage in various
non-driving related activities in AD mode (Figure 3.5). In terms of the leisure and work activity
scores, the general public’s (participants who took part in the impact assessment survey)
willingness to engage in non-driving related activities was slightly lower than with the pilot
site participants after having experienced AD drive (Figure 3.6).
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0%

20%

My travel comfort

5%
3%

My risk of being involved in an accident

10%

Certainty of reaching my destination as planned

11%

My productive use of travel time

6%
3%

Decrease slightly

60%

46%

22%

100%
16%

50%

59%

Stay the same

80%
30%

19%

7%
3%

My stress of travelling

Decrease greatly

40%

15%

6%

21%

44%

52%

Increase slightly

9%

16%

27%

7%

12%

Increase greatly

Figure 3.4: Expected impacts on travel quality based on L3Pilot’s impact assessment survey
(n=8432).

Figure 3.5: Activities the respondent would like to perform when driving in an automated
mode with ADFs (n=8432).
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Figure 3.6: Boxplots for the leisure activity and work activity scores in impact assessment
survey (n=8432). Activity score scale shows the correspondence of the scores to the original
responses.
3.3.1.1 Additional time accepted and value of travel time savings
Additional travel time accepted with ADFs gives a complementary way to characterize the
changes in the travel quality. For the presented 30 minute manually driven trips, the median
accepted additional travel time was 10 min in the pilot site questionnaires for both scenarios
(longer alternative route within ODD and using automated mode during the rush hour) (Table
3.2). Among the impact assessment survey participants, the median accepted additional
travel time for the congestion scenario was only 4 minutes (13%) for the 30-minute baseline
trip (Table 3.3). But for the alternative route, it was 10 minutes (33%) similar to the pilot site
questionnaire data. For the longer 2-hour baseline trip, the median accepted additional travel
time doubled for the alternative route up to 20 minutes (17%). In the congestion scenario, the
increase in the median was five-fold i.e. up to 20 minutes (17%).
The median additional travel times were between 4 and 10 minutes across all the studies
and scenarios for the 30-minute trip. By applying Equation 2, this translates into VTTS of
between 12% and 25%. Based on the 2 h baseline trip, VTTS was 14%.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

59

Table 3.2: Additional travel time accepted among the pilot site participants (n=8432).
Baseline trip was 30 min.
Environment

Presented
scenario

Motorway

Alternative route

10

10

93

Motorway

Congestion

10

12

91

Urban

Congestion

10

11

93

Median (min)

Mean
(min)

Share of
responses larger
than zero
minutes (%)

Table 3.3: Additional travel time accepted among the impact assessment survey participants
(n=8432). Baseline trip was either 30 min or 120 min.
Presented
scenario

Baseline trip
(min)

Median
(min)

Mean
(min)

Share of responses
larger than zero
minutes (%)

Alternative route

30

10

10

90

Alternative route

120

20

25

91

Congestion

30

4

7

95

Congestion

120

20

25

91

3.3.2 Impacts on travel patterns
3.3.2.1 Impact on route choice and traveling during rush hour
The impact on the route choice and driving during the rush hour were investigated based on
the additional time accepted. More than 90% of the pilot sites and impact assessment survey
participants were willing to accept some additional travel time in exchange for not having to
drive themselves (Table 3.2 and Table 3.3). This applied both for the additional route and the
congestion scenarios.
A majority of the impact assessment survey respondents (58%) expected no change in their
personal car use during peak hours (Figure 3.7). Respondents’ expected increase in car use
during peak hours increases with increased behavioral intention to use ADF. The share of
those with low behavioral intention expecting an increase was 9% and expecting a decrease
was 21%, whereas the share of those with high behavioral intention expecting an increase
was 38% and decrease was 15%.
3.3.2.2 Impact on mode choice
A majority of the impact assessment survey respondents (56%–64%) expected no change in
their travel patterns in terms of usage of different modes (personal car, public transport and
active travel modes) (Figure 3.7). The highest shares of respondents’ expecting a change
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was for personal car use in general, where 30% expected an increase, and usage of public
transport where 29% expected a decrease. Respondents’ expected increase in car use was
positively associated with a higher behavioral intention to use conditionally automated cars.
The share of those with low behavioral intention expecting an increase was 10%, and
expecting a decrease was 19%, whereas the share of those with high behavioral intention
expecting an increase was 46%, and expecting a decrease was 12%.
0%
My personal car use during peak hours

20%

6% 11%

My use of active travel modes

Decrease greatly

12%

17%

100%

20%

56%

64%

Stay the same

80%
17%

56%

5% 10%

Decrease slightly

60%

58%

My personal car use (in general) 6% 9%

My public transport use

40%

Increase slightly

8%

10%

11% 4%

16%

6%

Increase greatly

Figure 3.7: Expected impacts on travel patterns based on L3Pilot’s impact assessment
survey (n=8432).
Expected impacts on the use of public transport and active travel were also investigated
based on the L3Pilot annual survey data from European countries (Lehtonen, Malin et al.,
2021). The results were in line with the impact assessment survey results presented above.
A majority of the respondents did not expect a change in their use of public transport (62%)
or active travel (67%). There were more respondents expecting a decrease (26%) in the use
of public transport than an increase (12%). With active travel modes, the numbers were in
balance (17% and 16%, respectively).
The study also investigated how travellers’ multimodality (frequent use of multiple travel
modes in addition to the personal car) and willingness to use conditionally automated cars
was related to the expectation to increase or decrease the use of public transport and active
travel. Respondents were divided into Sceptic, Neutral, and Enthusiastic groups based on
their willingness to use ADF, and into Low, Medium and High multimodal travellers based on
their frequency of using modes other than car as a driver or walking.
Willingness to use conditionally automated cars increased expectations of decreasing the
use of public transport and active travel use. More multimodal travellers had on average a
higher intention to use conditionally automated cars, and consequently higher multimodality
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was related to greater expectation of decreasing the use of public transport and active travel.
Interestingly, a higher multimodality increased probability of also expecting an increase in the
use of those modes. This is in line with previous observations that multimodal travellers are
more likely to switch travel models.

Figure 3.8: Share of respondents expecting a decrease, no change, or an increase in their
use of public transport by traveller segment.
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Figure 3.9: Share of respondents expecting a decrease, no change, or an increase in their
use of active travel by traveller segment.
3.3.3 Impacts on the amount of travel
Of the pilot site participants, 25% indicated they would make more trips with conditionally
automated cars, and 37% would make longer trips (Figure 3.10). In comparison, 78% would
use conditionally automated cars on their current trips.
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Figure 3.10: Pilot site participants’ willingness to use ADF on their current trips, and
expectation of travel more trips or longer trips once ADF is available (n=262 motorway and
n=137 urban).
Focus groups discussions (see Annex 2.4) provided additional insights in interpreting the
above results. In line with the user questionnaire results, most participants did not expect that
they would change their use of the car because of automation. However, it was often stated
that they would consider undertaking more long-distance travel by car with automation. Longdistance trips are often driven on major roads, where driving can feel monotonous, and being
able to rest and engage in other activities could make travel more comfortable and
appealing. On the other hand, focus group participants were sceptical about the likelihood of
replacing their current public transport trips by conditionally automated cars, because of the
limited or expensive parking in major cities. Using ADFs on current car trips was regarded
more positively than making new or longer trips, as in the questionnaire data. The possibility
to multitask and spend time with children during travelling, as well as potential safety
benefits, were seen as main motivations to use ADFs. ADFs could also help to cope with
adverse conditions, such as darkness and driving when fatigued.
In the impact assessment survey, the respondents were asked about expected changes for
all dimensions in the amount of travelling. A majority of the impact assessment survey
respondents (62%–65%) expected no change in their amount of travel (Figure 3.11). Around
one-fourth (24%–27%) of respondents expect an increase in the number, distance or travel
time of trips.
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0%
Number of trips I make per week

20%

8%
4%

Distance I would be willing to travel on my daily
7%
trips
3%
Travel time I would be willing to accept on my daily
trips
Decrease greatly

Decrease slightly

9%
3%

Stay the same

40%

60%

65%

63%

62%

Increase slightly

80%
18%

100%
6%

21%

7%

20%

7%

Increase greatly

Figure 3.11: Expected impacts on amount of travel based on L3Pilot’s impact assessment
survey (n=8432).
3.3.3.1 Does travel quality predict changes in the amount of travel?
A more favorable experience in travel quality was hypothesised to lead into greater
expectations to increase travelling by ADF. Within L3Pilot, this hypothesis was first
investigated using data from a driving simulator experiment comparing SAE level 3 and level
4 automation (Lehtonen, Wörle et al., 2021). The study found that the travel quality, which
was measured as an average of different L3Pilot user questionnaire variables, was positively
associated with the expectations to increase travelling. Because the study was conducted in
a controlled driving simulator environment, it was not feasible to analyse the travel quality in
more detail. Therefore, the analysis was done with the data from the pilot sites.
The contribution of different aspects of the travel quality to the expectations to increase
travelling were further investigated and compared to the expectation to use ADF on the
current trips. Based on the pilot site data, linear ridge regression was used to identify those
variables that most strongly predicted the expected mobility impacts (Figure 3.12). The larger
the estimate for the variable is, the more strongly it predicts an increase in the amount of
travel. A predictive relationship may imply a causal effect, or it may be merely correlative.
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Figure 3.12: Main factors for determining the mobility impacts in the pilot site questionnaire
data. Ridge regression parameter estimates for the predictor variables by each mobility
impact question. Mean and 95 % CI of the bootstrapped estimates shown. The predictor
variables are grouped to QT (Quality of travel), UTN (Unmet travel demands), ADAS
(Experience with ADAS), ATT (Attitudes), and Other.
In general, the same predictors were important for both the expectation of undertaking more
trips or longer trips. Predictors directly related to travel quality (QT) were the strongest
positive predictors for increased travel. The highest estimate was for the willingness to
perform leisure activities, followed by trustworthiness and performance of ADF. Willingness
to work while in AD mode was also positively associated with travelling more, even though
less strongly than willingness to perform leisure activities. Only the estimate for the workload
of ADF was not significantly different from zero. All travel quality predictors were positively
associated with the expectation to use ADF on current trips.
Unmet travel needs were also associated with an expectation to increase traveling. The
strongest association was for the statement “I would travel more if it were easier”. Darkness
and fatigue as limiting factors were also associated with the expectation to travel more trips
or longer trips. Traffic jams or bad weather did not appear to be associated with expectations
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to travel more. In contrast, only traffic jam questions were associated with the expectation to
use on current trips.
Current use of cruise control (CC) or adaptive cruise control (ACC) was positively associated
with willingness to use ADF on current trips, but negatively associated with willingness to
make more trips or longer trips. Users of self-parking ADAS system were also significantly
more interested in undertaking more trips with ADF.
Regarding attitudes toward travelling, only the priority to travel economically was positively
associated with willingness to increase travelling. Interestingly, a gender effect was also
found, with female participants more interested in making longer trips than males with ADF,
but less interested in using ADF on their current trips.
3.3.4 Scaled-up impacts
The estimated potential (see 3.2.5) for increase of car VKT on motorways and urban roads is
shown in Figure 3.13. The estimates show how the AVs’ penetration rate in the shared
vehicle fleet has the largest influence on the magnitude of the impact. Also the share of the
kilometres driven within ODD, which was lower for urban ADF, revealed a strong influence.
At the higher VTTS of 25%, there is an increase up to 2% in motorway VKT when the AVs’
penetration rates are no more than 30%. At 100% penetration rate, the potential for an
increase is up to 7%. At the lower VTTS of 10%, increase in VKT is smaller: At 100%
penetration rate, the effect is largest, at approximately 2%.
Larger ODD within the motorway network produces bigger impacts compared to the urban
network with more limited ODD coverage. For urban network and VTTS of 25%, the impact
potential is up to 1% at lower penetration rates (≤ 30%) and up to 4% at 100% penetration
rate. At lower penetration rates, the impact is smaller, as with the motorway network.
Figure 3.13 presents the motorway results with and without considering the effect of ADF on
travel times. The travel time changes have only a small influence on the results, as the
expected changes are also small. At lower AVs’ penetration rates (≤ 30%), the effect is 0.1%
at most. At 100% penetration rate (meaning only AVs in the vehicle fleet), increased travel
times are expected to decrease the VKT about 0.6% in the motorway network.
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Figure 3.13: Estimated changes in car VKT due to conditional automation at different
penetration rates for the motorways and urban roads.

3.4 Discussion and Conclusion
It has been proposed that AVs will increase the quality of travel by enabling non-driving
related activities and increasing travel comfort (e.g., Singleton, 2019). The results from both
the pilot sites and impact assessment survey suggest that travel quality was indeed good
with the ADFs.
The pilot site participants experienced the piloted ADFs mostly positively. This suggests that
mature ADFs are likely well received once they are on the market. The impact assessment
survey investigated how ADFs were expected to change travel quality compared to manually
driven cars. About half of the respondents did not expect changes, but among the other half,
a majority expected a positive impact on the travel comfort and stress, feeling of safety,
certainty of reaching destinations as planned, and productive use of travel time.
Respondents were looking forward to engaging in non-driving related activities during
automated mode. The pilot site participants were more eager to engage in activities than the
impact assessment survey respondents. At the pilot sites, the median corresponds to
responses “Frequently” to “Every now and then”. In the impact assessment survey, the
median corresponds to responses “Rarely” to “Sometimes”. Willingness to engage in leisure
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activities appears to be higher than willingness to work. Interacting with passengers and
digital devices were especially frequently mentioned.
Focus group discussions suggested that ADFs can make travelling more comfortable
especially in situations where the driving task is either too boring or monotonous (e.g., long
trips on motorways) or too demanding (e.g., traffic jams or when fatigued).
90% or more of the respondents stated that they would be willing to accept some additional
travel time if they did not need to drive themselves. On median, the participants were willing
to accept an additional 4–10 minutes for 30-minute trips, which translated into VTTS of
between 12% and 25%. With the assumption that the additional travel time accepted reflects
increased travel quality, this gives a clear indicator that ADFs are likely to increase travel
quality in comparison to manually driven cars.
Over 90% of the respondents in both the pilot site questionnaire and impact assessment
survey were willing to accept some additional travel time if they would not need to drive
themselves. This suggests that drivers might be willing to consider choosing routes within
ODD over non-ODD routes even if it would take a slightly longer time. Travelling by car
during the rush hour despite longer travel times may also become more attractive because of
increased comfort and use of travel time for tasks other than driving.
L3Pilot User Acceptance Survey based results indicated that higher willingness to use
conditionally automated cars predicted higher expectations to decrease the use of public
transport and active travel (Lehtonen, Malin et al., 2021). Intention to use conditionally
automated cars was also stronger among multimodal travellers, who are currently actively
using public transport and active travel modes. Overall, these results suggest that ADFs can
make it more attractive to travel longer trips by car or to replace existing public transport or
active travel trips by conditionally automated car trips.
ADFs are likely to increase the amount of car travel. Of the pilot sites respondents, 23%–
45% agreed that they would either start making more trips (either new trips or switch from
some other modes) or select destinations further away. Of the impact assessment survey
respondents, 24%–27% expect an increase in the number, distance or travel time of trips.
The results suggest that improved travel quality due to automated driving is the driving force
in motivating more travel by car. Nine out of ten were willing to accept longer travel time in
automated driving. In line with that, many participants were positive towards the idea of
making longer trips by car. In practice, this could mean extended choice of locations for
living, working, and free time activities. In particular, many focus group participants
mentioned that making long-distance trips by car would become more attractive with
conditional automated driving, as travelling would be more relaxing.
It is also easy to imagine that ability to multitask and relax while traveling could attract current
public transport users to switch to conditionally automated cars. On the other hand, it is
important to note that conditionally automated cars still need parking, which might be limited
or expensive in cities.
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Conditionally automated cars may also address some of the currently unmet travel needs.
The possibility to multitask may render some new trips possible if the limiting factor has been
the lack of time. Some travelers hoped that conditionally automated cars would help them to
cope with fatigue and driving in darkness so that they would be able to travel more by car.
This is not without risks, as driving during while fatigued incurs the risk of falling asleep.
The summary of the mobility impacts is given in Table 3.4 by each research question. The
research hypotheses are summarized in the same table for comparison.
Table 3.4: Summary of the mobility impacts.
RQ

Research hypothesis

Evaluation results

What is the
impact of ADF
on quality of
travel? (RQ-I7)

Conditionally automated cars are
likely to increase the quality of
travel by enabling non-driving
related activities and increasing
travel comfort.

True. A majority of the participants
experienced ADFs positively or expected
them to improve travel quality. Especially
leisure activities and interacting with
passengers were often mentioned as
activities to perform during automated
driving.

Experience of travel quality
depends on the individual traveller,
and some travellers may
experience that conditionally
automated car would decrease their
travel quality.

True. Some individuals experienced ADFs
quite negatively or expected them to
decrease travel quality.

On average, increased travel
quality may decrease the perceived
costs of travelling by car (i.e.
VTTS).

True. VTTS from 12% to 25% were
estimated.

Drivers may switch to routes within
the ODD.

True. Nine out of ten participants would
accept additional travel on a route within
ODD if they would not need to drive
themselves.

Drivers may start driving more
during the rush hour or in adverse
conditions if they are within ODD.

True. Nine out of ten participants would
accept additional travel during the rush
hour if they would not need to drive
themselves. Experiencing that fatigue or
darkness restrict driving was positively
associated with expecting to travel more by
conditionally automated cars.

Travellers may switch from using
public transport or active travel
modes to car driving.

Partially true. Most travellers did not expect
changing their use of public transport or
active travel modes. Surveys had twice as
many respondents expecting to decrease
the use of public transport (26%–29%)
than those expecting to increase its use
(12%–15%) once conditionally automated
cars would be available. Regarding active
travel modes, the expectations were more
in balance.

What is the
impact of ADF
on travel
patterns? (RQI6)
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RQ

Research hypothesis

Evaluation results

What is the
impact of ADF
on amount of
travel? (RQ-I5)

Drivers may start making more or
longer trips by car.

True. Travelling longer trips by car may
become more attractive. Some travellers
may also start making completely new
trips. However, the majority of participants
did not expect to increase the amount of
travel.

The pilot site questionnaires demonstrated that the experience of travel quality may vary
according to the individual user’s personality and profile. While the average ratings were
positive, some had also negative experiences. This variability in travel quality allowed us to
analyse the links between travel quality and expected impacts on amount of travel, and also
to map out potential predictors for the impact other than travel quality. Travel quality related
variables were positively associated with expectation to travel more, but also current unmet
travel needs, which conditionally automated cars could address, had an influence. Likewise,
experience with ADAS systems may have an influence, but the pattern was not clear.
Interestingly, regular use of ACC/CC was negatively associated with expectations to travel
new or longer trips with conditionally automated cars. This may mean that those participants
were already driving large amounts, and therefore did not look forward to driving more.
VTTS due to conditionally automated cars were estimated based on the additional travel
times to be between 12% and 25%. VTTS is somewhat lower than those often used in the
literature for fully automated vehicles (Soteropoulos et al., 2019), but in line with conditionally
automated cars’ actual capabilities compared to fully automated vehicles. Such estimation,
however, does not consider other aspects, such as monetary costs of travelling more
kilometers nor the overall time budget of the travellers. This is likely to produce larger VTTS
estimates compared to those where these other aspects were considered.
The effects on car VKT were estimated based on the value of travel times savings and travel
time effects identified by the efficiency simulations. Travel time changes due to the increased
or decreased traffic flow efficiency were assessed to be rather small, and therefore they do
not play a major role in the VKT change. AV penetration rate and the extent of ODD, instead,
have a sizable impact on the VKT.
The scaling-up of the mobility impacts suggested that conditionally automated cars have the
potential to increase car VKT by 7% on motorways and 4% on urban network when 25%
VTTS and 100% penetration rate are assumed. At 30% penetration rate, the potential is 2%
on motorway and 1% on urban roads, decreasing further at lower penetration rates. It should
be kept in mind that actual increase in VKT is likely to be smaller due to the dynamic effects:
increase in car travel will also increase congestion and consequently travel times, which will
have an opposite effect on the amount of car travel.
Increase in the kilometres travelled by cars means also increase in exposure to road
hazards, even though the overall safety impact of ADFs depends also on how they modify
the risk of crashes (see 4.3.3). Increase in VKT will make it harder to reduce traffic related
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CO2 emissions, and will increase pressure to build more roads and parking spaces.
Therefore, automated vehicles can be seen as a challenge for the sustainability of the
transport system. To ensure the sustainability of AVs, it is important to consider how these
effects can be compensated. Shifting the focus from conditional automation to higher levels
of automation might address this challenge. For example, with fully automated vehicles, it
could be possible to create a shared fleet of AVs, which in principle could accommodate
mobility demands with a smaller number of vehicles and kilometres than manually driven
cars (Fagnant and Kockelman, 2018; Soteropoulos et al., 2019).
From the perspective of individual travellers, conditionally automated cars will make travelling
easier and help to address unmet travel demand. This is conditional on the availability of
roads within ODD.
3.4.1 Limitations
Mobility impact assessment in the L3Pilot was a future-oriented activity. Because there is not
yet data on the realized changes in personal mobility due to automated driving (revealed
preferences), it was necessary to conduct the assessment on the basis of people’s attitudes
and expectations (stated preferences). Findings are thus subject to individuals’ subjective
perceptions.
For example, in the impact assessment survey, the respondents had to state whether they
expected conditionally automated cars to increase or decrease travel quality. While the
expectations for increased travel quality can be rather easily linked with the ADFs, the
expectations for decreased travel quality require more careful consideration. For example, it
is not clear why any ADF would decrease the productive use of travel time, because the
driver can still choose whether to activate the system or not, but 9% of the respondents
nevertheless expected that it would. It is possible, for example, that some participants do not
trust AVs, and therefore they believe that traffic will become less safe even if they would not
themselves use the ADFs, requiring them to focus more on the driving task. Another
possibility is that such responses reflect respondents’ overall negative attitude toward AVs,
rather than a genuine expectation on the productive use of travel time.
Practical limitations of the data collection also influenced the results. In particular, VTTS
estimates were based on the self-reported additional travel time accepted in hypothetical
scenarios. This may lead to overestimating the effects because the respondents may have
failed to consider all possible costs and limitations. This could have been partially addressed
by presenting more choices and giving more context, but that would have required
considerably more time from the participants.
3.4.2 Lessons learned
Mobility impacts assessment of AVs has to understand who the potential users of AVs are,
how they would use AVs in their daily life, and how AVs could transform their daily life and
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the society surrounding them. This requires interdisciplinary understanding of the
psychological, sociological and technological factors and of their dynamical interactions.
The current investigation was focused on how the user experience influences travel quality
and may induce changes in travel behaviour. Such analysis could be complemented by
focusing more on the context where automated driving would be performed, e.g., by
analysing individual trips based on travel diaries and considering the effects of automation on
those.
Scaling-up the mobility impacts is challenging. First, there are limited data on the VKT
travelled within different roads, and especially how VKT is distributed by the purpose of trips
and destinations. This makes it difficult to obtain a detailed baseline for personal mobility.
Second, the data on the mobility impacts can be most readily used for identifying effects
mechanisms, but not for estimating the magnitude of the effects. Therefore, a straightforward
VTTS-based scaling-up was used. More detailed scaling-up would be possible by first
defining the scaling-up model and identifying its parameters, and then adapting the data
collection accordingly.
During the process, the questionnaires for understanding the mobility impacts could be
improved. The pilot site questionnaire was designed first. The experiences showed that, for
example, the additional travel time questions were sometimes difficult to answer for the
participants. Therefore, improved versions of these questions were designed for the impact
assessment survey.
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4 Safety Impact Assessment
4.1 Introduction
4.1.1 Introduction and research questions
The main objective of the safety impact assessment was to assess the effect of ADFs on
traffic safety. According to the theoretical background proposed by Nilsson (2004), traffic
safety consists of three dimensions: (1) exposure, (2) expected number of accidents per unit
of exposure (i.e., frequency of driving scenario), and (3) consequences (i.e., severity of an
accident). The exposure aspect was covered in the mobility impact assessment (Chapter 3).
Therefore, the remaining important research questions to be handled in the safety impact
assessment concern the likelihood of accidents and accident severity:
A. What is the impact of ADF on the number of accidents in a certain driving scenario /
for specific road-users?
B. What is the impact of ADF on accidents with a certain injuries level / damage in a
specific driving scenario?
These research questions (RQs) as well as the related sub-questions were further detailed
and are presented in L3Pilot deliverable D3.3 (Metz et al., 2019). The details of the applied
methods are presented in Chapters 4.2.1 and 4.2.2 of deliverable D3.4 (Innamaa et al.,
2020). The assessment of the research questions requires the quantification of possible
effects of ADFs on traffic safety. These effects can be positive (i.e. technology reduces
accidents) or negative (i.e. potentially new safety risks occur e.g. due to minimal risk
manoeuvre). Both types need to be assessed in a comprehensive assessment. Furthermore,
in some scenarios no effects are expected (scenarios outside the ODD that are not directly
affected by the technology).
The approach defined for the L3Pilot safety impact assessment is presented in Figure 4.1
and is described in more detail in L3Pilot Deliverable D3.4 (Innamaa et al., 2020). The basic
principle of the approach is to investigate the effects of ADF in driving and traffic scenarios.
The results are scaled up at a later stage at EU27+3 (EU + UK, Norway and Switzerland)
level.
In addition, a qualitative safety impact assessment including the applied methods and results
is presented in section 4.3. The following section 4.2 focuses on the quantification of the
potential safety effects of automated driving. This quantitative assessment will also consider
the findings of the qualitative analysis 4.3.4. More details on all steps of the safety impact
assessment can be found in Annex 1.
Before the more detailed presentation of method and the L3Pilot assessment results are
presented, a brief overview is provided of the latest literature findings on safety impacts of
automated driving. The literature review aims to provide a broader context to enable the
understanding of the L3Pilot safety impact assessment.
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Figure 4.1: L3Pilot approach to safety impact assessment.
4.1.2 Literature review
An extensive literature review on previous studies investigating the safety potential of
automated driving was conducted prior to the safety impact assessment. In the following, a
summary of the literature review results is given. More information is provided in Annex 1.1.
The number of fatalities and injuries caused due to road accidents involving automated
vehicles are the most important key performance indicators (KPI) when evaluating the safety
impacts of automated driving (see e.g. Rämä and Kuisma, 2018). However, since automated
passenger vehicles (SAE 3) are currently typically driven as part of field tests on public roads
or on test tracks, the lack of AV related crash data is limiting this type of analysis.
Due to the limited information on accident involvement of AVs, the safety effects of AVs have
been identified by other approaches such as the ones presented in Table 4.1, in which the
main findings of the most relevant studies have also been summarised. Despite the different
approaches, all studies indicate the safety benefit potential of AVs.
Table 4.1: Summary of literature review.
Approach

Main findings by study

Analysis of
accidents
involving AVs
on public
roads (real-life
crashes during
testing of AVs)

Favaró et al. (2017): In-depth analysis of 26 accidents reports from California
(USA). Most frequent accident type was rear-end collision (with manually driven
vehicle driving into AV’s rear). In most situations (85%) the AV was driving very
slowly and was not-at-fault.
Wang and Li (2019a): Based on the analysis of 113 accidents it was concluded
that crash severity significantly increases if the AV is responsible for the crash.
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Approach

Main findings by study
Ye et al. (2021): In 133 analysed accident reports including 24 injured individuals
in 19 crashes from 2017 to 2019, it was found out that 71% of the injured persons
were AV occupants and that head and neck were the most injured locations.

Analysis of
non-AV
accident data

Kühn and Bende (2020): Based on 246 accidents of the German Insurers
Accident Research database it was concluded that Level 3 / 4 function could
prevent up to 6% / 21% more motorway accidents than cars equipped with driver
assistance systems. Negative effects of the ADF were not considered.
Utriainen and Pöllänen (2020): Based on Finnish in-depth accident data, 37 of 40
crashes would likely be avoided by highly automated vehicles if pedestrian safety
were to be prioritised (i.e. AVs would always take necessary safety precautions,
when pedestrians are identified nearby or in the proximity of the planned driving
path).
Utriainen (2020): Based on Finnish in-depth accident data, 8–11 (20–28%) of 40
fatal pedestrian crashes could have been avoided by highly AV.
Combs et al. (2019): Analysis of 3,386 fatal US accidents showed that the
detection of pedestrians and capabilities to act in the situation depend on the
sensor and vary from less than 30% (camera only) to over 90% (camera + LiDAR
+ Radar).

Multi-agent
traffic
simulation

Kitajima et al. (2019): Under manual driving, the system simulated 859 crashes
likely to occur in locations such as the real-world accidents in Tsukuba (Japan). In
the scenario of “75% Level 4 automated driving and 25% AEB + LDW” the number
of predicted crashes decreased to 156 cases.

Simulationbased
surrogate
safety
measures
approach

Morando et al. (2018): For the signalised intersection, AVs were estimated to
reduce the number of conflicts by 20% to 65% with the AV penetration rates
between 50% and 100%. For roundabouts, the number of conflicts was reduced
by 29–64% (depending on the parameters used in the simulation) with a 100% AV
penetration rate.
Papadoulis et al. (2019): The simulation results show that the estimated traffic
conflicts were reduced by 12–47% (25% ADF penetration rate), 50–80% (50%),
89–92% (75%) and 90–94% (100%).
Virdi et al. (2019): The simulation results show that a 20% / 90% penetration of
Connected and Autonomous Vehicles resulted in the following changes in the
number of conflicts: +22% / -48% at the signalised intersection, −87% / -100% at
the priority intersection, −62% / −98% at the roundabout and +33% / -81% at the
diverging diamond intersection.

Virtual
scenariobased
experiments
using MonteCarlo
techniques

Wang et al. (2017): In an obstacle in the lane scenario, ADF has the capability to
decrease the accident probability by 15%−28%. For the scenario approaching
traffic jam, ADF reduces the accident rate by 28%−49%.
Fahrenkrog et al. (2019): The expected mean change of accident rate per driving
scenario with ADF was: cut-in -83%, traffic jam -40%, rear-end accident -73%,
end of lane -14%, obstacle in the lane -40%, highway entrance -49%, MRM
+2.6%–48.4% depending on braking strength.

Traffic
simulations,
accident resimulations &
accident data

Rösener et al. (2019): Motorway-Chauffeur has a potential for reducing about 30%
of all accidents on German motorways at 50% market penetration (equals to 2%
of all accidents on German roads). An Urban Robo-Taxi can avoid 26.5% of all
accidents with personal injury within city-limits at a market penetration of 50%
(equals to 17% of all accidents on German roads).

Counterfactual
simulations

Waymo (2021): In a counterfactual simulation of 72 historic (2008–2017) crashes,
involving 91 vehicles, in Chandler (Arizona), the Waymo Driver did not cause any
crashes (avoided all crashes when the Waymo vehicle was set as the at-fault
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Approach

Main findings by study
(initiator vehicle; n=52) vehicle in the simulations). The Waymo Driver avoided
82% of the crashes where it was set to be the not-at-fault/responder vehicle, while
mitigating the effects of another 10%. All the remaining 8% (unavoided crashes)
were in rear-end collision (the Waymo vehicle being struck from behind)
scenarios.

Test drives

Varhelyi et al. (2019): Test drives on German motorways with 21 persons. In
general, AD affected driving positively (e.g. smoother accelerations, speed
according to speed limit and traffic conditions, fewer dangerous lane changes and
correct distance to other vehicles). However, conflicts and sudden braking events
were observed more often on rides with the system active.

It is important to note that each study used its own definition of automated driving and
considered different technical maturities of ADF. None of these assumptions are provided in
the table above. Therefore, the table should not be used as a reference without consulting
the original references.

4.2 Method and Input data of Safety Impacts Assessment
4.2.1 Method for motorway and urban ADFs
The L3Pilot safety impact assessment approach combines different methods to achieve the
required comprehensiveness. Each of these methods are briefly described in the following
sections.
4.2.1.1 Computer simulations
Computer simulations of traffic and driving scenarios (simulation based process step in
Figure 4.1) are required to determine the change in the accident risk and severity (by means
of driving scenarios) and the frequency of scenarios (by means of traffic scenarios). For this
purpose, the driving scenario and traffic scenario as defined in deliverable D3.4 (Innamaa et
al., 2020) and in section 2.2 are simulated in the defined baseline (without ADF) and
treatment (with ADF) conditions. For the simulation two main approaches were used, namely
the counterfactual simulation approach and Monte-Carlo based traffic simulations approach
(see Figure 4.2). Both approaches are explained briefly in the following section.
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Figure 4.2: Simulation approaches in the safety impact assessment.
The two approaches have different advantages, and the most suitable approach was
selected according to the scenario. For instance, the Monte-Carlo approach is not fixed to
the time frame of the original case, and the number of simulations run is only dependent on
available resources. However, the disadvantage of this stochastical approach is a higher
simulation effort (i.e., more simulations required to reach stable results) and higher
requirements for the driver behavior model, since the approach cannot rely on pre-defined
trajectories, as the counterfactual approach can. Therefore, the Monte-Carlo based traffic
simulation approach was selected for scenarios that either require a traffic context (P4 Lane
change conflict), for which only limited accident data is available (P5 VRU conflict on
motorway), or which have been identified to be challenging for the ADF (all “NX” scenarios).
Conditions are compared by means of standard statistical approaches (e.g., confidence
interval, effect size). Different simulation tools (openPASS, Virtual Test Drive, ESmini) were
used depending on the scope of the simulation, the taken approach and road type. A short
description of each approach and the associated tool as well, as the scenarios to which it is
applied, is given below.
Note that more details are available in Annex 1.3.1 and Annex 1.4.1.
Counterfactual simulation approach
Counterfactual, or “What if?”, simulations are a type of re-simulation (but with modifications
of the original event) that are often used when assessing the safety benefit of safety
technologies. They are called “What if?” simulations as they use cases from real-traffic as a
basis but modify those cases, typically by adding a safety system. The resulting simulations
are then used to estimate what would have happened (“What if?”) under the different
circumstances. The term “counterfactual” has a similar meaning, indicating that the (created)
cases are not exactly the original cases but rather some non-factual (not actually observed in
the real world) modification of individual cases. The following are descriptions of the
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counterfactual simulation method used in L3Pilot, as well as a short description of the
datasets used.
In L3Pilot, the counterfactual simulation approach was used for the driving scenarios P1
Rear-end (car-following) conflict (the ego-vehicle striking a lead-vehicle, after the leadvehicle brakes in a car-following situation), P2 End of traffic jam (rear-end) conflict the (egovehicle at relatively high speed approaches a stationary or slower vehicle, such as at an end
of a traffic jam), P3a Cut-in (rear-end) conflict (a vehicle, the “target”, cuts-in in front of the
ego-vehicle and brakes, generating a rear-end crash), and, finally, P3b Cut-in (sideswipe)
conflict (the ego-vehicle being sideswiped – impacted in the side – by a vehicle in the
adjacent lane changing lane into the ego-vehicle’s side).
The simulation tool used for counterfactual simulations in L3Pilot was based on an opensource simulation engine called ESmini. This engine only had the role of loading the
scenarios and providing a runtime environment. The complete framework used consisted of
different Python scripts interacting with ESmini.
For each case of the simulated datasets (see the general input data description in Annex
1.3.1.1), simulations were made with three different configurations. First, there was a simple
re-simulation of the original event as baseline (providing results of impact speeds etc., for the
calculation of severities through injury risk functions). Second, the original event was run with
an AEB added to the (manually driven) ego-vehicle (and only the ego-vehicle), producing a
second (AEB) baseline. Third and finally, the simulations were run with the L3Pilot motorway
ADF in the ego-vehicle. The AEB and ADF were the same as described in section 2.1. As
ESmini works with the OpenDrive (ASAM OpenDrive 2021), and OpenScenario formats
(ASAM OpenScenario 2021) all data had to be converted into those formats.
For the counterfactual simulations of cut-in and rear-end conflicts, five different datasets
were utilised. Three were based on Volvo Car’s database covering crashes, one
reconstructed TASC (Traffic Accident Scenario Community) data covering crashes, and one
from SHRP2 covering near-crashes. In addition, sensitivity analyses were done to a) check
the robustness of safety benefit simulation results across different datasets, b) check if
extrapolation of available crash data to better represent the speed distributions of the CDB in
L3Pilot substantially affected the safety benefit assessment, and c) to evaluate if the ADF
may “create” crashes in situations where drivers avoided critical situations in real-world
critical conflicts (the simulations applied to SHRP2 near-crashes).
Monte-Carlo traffic simulation-based assessment for motorway
In the simulation by means of the Monte-Carlo approach the start parameters of each
simulated case were sampled from distributions. These distributions were defined
beforehand based on accident data, naturalistic driving data or L3Pilot data. There was, in
contrast to the counterfactual simulation, no direct link to a specific real-world case. The link
was established indirectly by means of the applied distributions. The starting parameters
were defined for the ego-vehicle (in the baseline a manually driven car; in the treatment an
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automated vehicle), for scenarios agents (traffic participants executing a pre-defined driving
manoeuvre – e.g. lane change – in the simulation), and for surrounding traffic participants.
In addition, simulations of traffic scenarios were conducted as well. Their objective was to
determine the change in the occurrence frequency of specific driving scenarios. In contrast to
the driving scenario, the simulations of the traffic scenarios covered a longer simulation
period and included no pre-defined manoeuvre.
For the Monte-Carlo simulations the simulation tool openPASS (“Open Platform for the
Assessment of Safety Systems”) was used (openPASS 2021). For the simulation in L3Pilot
BMW’s internal openPASS Release 1.7.15 was used. A key part of these simulations is the
driver behaviour model. In the openPASS simulation BMW’s Stochastic Cognitive Model
(SCM) was applied (Wang et al., 2017).
In the simulation, the behaviour of the traffic participants was determined either by means of
a driver behaviour model (SCM) or by means of pre-defined manoeuvres (e.g. MRM). After
defining the starting conditions of the simulation, the scenario was simulated with variations.
In the end, each simulated case was analysed with respect to whether a collision occurred,
as well as in case of a collision, the characteristics of the collision. The collision
characteristics were used in subsequent steps to determine the injury severity (see section
4.2.1.2 and Annex 1.2.5). For the traffic scenario, the frequency in terms of events per
kilometre was determined by the detection algorithm as defined for the technical and traffic
assessment (see Metz et al., 2019).
Monte Carlo-based driving scenario simulations for urban scenarios
Assessing the potential impact of automated driving in urban areas poses the challenge of
dealing with a great complexity and variability of potential situations. Factors primarily
contributing to this complexity, in contradistinction to the motorway, is the presence of atgrade junctions and interactions with vulnerable road-users. Due to the large complexity of
urban scenarios, certain simplifications need to be applied to make the efforts for simulating
manageable, e.g. by omitting factors such as obstructions, or varying intersection geometry.
The virtual simulation approach for the urban safety impact assessment considers potentially
crash-relevant scenarios within which the crash avoidance potential of the ADF is compared
to the selected baseline. In this sense, the adopted approach follows, like the previous
section, the second approach of Figure 4.2. However, in contrast to the previous section, no
surrounding traffic is considered in this approach, similar to the counterfactual simulation.
The methodology and tools applied for the urban simulation develop on the results from
Roesener et al. (2019). Several extensions of the toolchain have been implemented to cover
the more detailed driving scenarios catalogue. In total, 30 scenarios have been defined, from
which the artificial cases for the simulations have been derived (see section 2.2) , in which
the collision avoidance action of the mature ADF is compared with that of a driver model.
Within the selected scenarios, the ego-vehicle acts autonomously, whereas the object
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vehicle follows a pre-defined maneuver that would result in a collision without any action by
the ego-vehicle. To generate the artificial cases as instances of the driving scenarios, the
scenario generator developed in Roesener (2021) was applied, which uses GIDAS data as
input data to derive the parameter distributions for the sampling. As an extension to the work
in Roesener (2021), pedestrian and cyclist behavior has been enriched by data on their
crossing speeds during intersection manoeuvres from an analysis of the inD-Dataset (Bock
et al., 2019).
The simulation toolchain used for the driving scenario simulation is established around the
environment simulation Virtual Test Drive (VTD). Models used for the scenario simulation
have been implemented as C++ modules in the runtime environment ADTF. The models
chosen for the simulations follow the assumptions made in Roesener et al. (2019). The
collision avoidance action of the driver performance model in the simulated driving scenarios
is always braking. Parameters for the reaction time of the driver performance model have
been derived from Schittenhelm (2005), while the intensity of the reaction in the crashrelevant situation is realized by the model in Fahrenkrog (2016). For turning scenarios,
baseline and ADF are initially controlled by a driver model executing the turning manoeuvre
until the ADF or baseline driver model reacts to crash-relevant conflict. The model for turning
chosen for ADF represents an “insecure driver” that executes a slower turning manoeuvre
compared to the baseline driver model. The output data from the simulation toolchain is
processed using a MATLAB-based toolchain. The trajectories of the participants in the
scenarios are checked for collisions. Based on which type of collision occurs, the appropriate
injury risk function (see 4.2.1.2) is applied to the object speeds at impact.
Besides determining the change in severity, the change in the frequency of the considered
driving scenarios for urban ADF was analyzed using state-of-the-art agent-based traffic
simulation, which have also been used for the efficiency and environmental impact
assessment. However, for the created networks, it was not possible to yield plausible results
regarding the frequency of the different defined driving scenarios, since agent models in
traffic simulations typically do not produce realistic driver behavior in safety-relevant
situations (e.g. by integrating reactions times). Such driver models are still to be developed
for urban scenarios. Since no frequency of scenarios can be derived from traffic simulation,
for urban scaling-up the frequency of situations is based on the assumption that the safetyrelevant scenarios are not induced by automated vehicles.
4.2.1.2 Injury risk function
Injury risk functions (IRF) estimate the probability of a specific level of injury associated to a
specific crash parameter, for a specific population, when a road crash occurs. The estimation
of the effectiveness of ADF is based on prospective analysis by means of simulations.
However, the simulations stop at the point of contact between two participants. Thus, in case
of impact between two participants (e.g., car to car), it is necessary to estimate the
consequences of crash in terms of injury risks and property damages.
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IRFs are commonly fitted to statistical models (such as probit or logit regressions) on the
basis of crash data. Since they depend highly on accident data collection and quality,
collision type, the road user under study (pedestrian, cyclist, car occupant, etc.), the available
safety systems of the specific vehicles involved, the predicted injury level and the selected
statistical model, no consensus version of individual IRFs exist, for any scenario. Since IRFs
are based on historical crash data, they do not cover possible future vehicle design
alternatives.
Among all existing IRFs that were identified in a literature review, the L3Pilot team selected
suitable IRFs according to the objective of a particular analysis using them. For details,
please see Annex 1.2.5. The selected IRF based on Cuny et al. (2018) and Chajmowicz et
al. (2019) are presented in Figure 4.3 and Figure 4.4.
IRF for pedestrians and cyclists:
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Figure 4.3: IRF dedicated to pedestrians and cyclists involved in road accident with a
passenger car.
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IRFs for passenger cars for impact location front, side and rear:
Risk for belted car occupants involved in
frontal impact (production year > 2000) (LAB
2020 n=2800 occ.)
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2020 n=721 occ.)
100%
Injury risk probabilities

Injury risk probabilities

100%
80%
60%
40%
20%

80%
60%
40%

20%

0%
0

20
Killed

40
60
EES (km/h)
Serious injuries

80

100

0%
0

Slight injuries

20
Killed

40
60
EES (km/h)
Serious injuries

80

100

Slight injuries

Injury risk probabilities

Risk for belted car occupants involved in rear
impact (production year > 2000) (Fichier LAB
2020 n=153 occ.)
100%
80%
60%

40%
20%
0%
0

20
Killed

40
60
EES (km/h)

Serious injuries

80

100

Slight injuries

Figure 4.4: IRF vs Equivalent Energy Speed (EES) dedicated to passenger car belted
occupants corresponding to front, side and rear crashes.
The chosen IRF uses the Equivalent Energy Speed (EES) as an input. The EES needs to be
calculated from the simulation output depending on the collision type. Compared to the
original version, a slight modification has been made. In case the IRF curve does not go
through the origin of the axes (e.g. injury risk at no speed), a linear line passing through the
origin and connecting the probability of the risk of serious injury to 20 km/h has been used.
More details on the injury risk functions and the EES calculations are available in Annex
1.2.5.
4.2.1.3 Scaling-up method
In the last step of the safety impact assessment, the simulation results, which represent
specific conflicts or traffic conditions but not any country or region, need to be scaled up to
the EU27+3 level. This step was done by means of the ERiC method (e.g. Rämä and
Innamaa, 2021; Innamaa et al., 2014). The ERiC method consists of seven steps, and details
on the method are provided in Annex 1.6.1.
1) Identification of relevant impact mechanisms
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Relevant direct and indirect impact mechanisms were determined from the list of nine
mechanisms (Innamaa et al., 2018):
1. Direct modification of the driving task,
drive behaviour or travel experience
2. Direct influence by physical and/or
digital infrastructure
3. Indirect modification of AV user
behaviour
4. Indirect modification of non-user
behaviour

6. Modification of exposure / amount of
travel
7. Modification of modal choice
8. Modification of route choice
9. Modification of consequences due to
different vehicle design

5. Modification of interaction between AVs
and other road users
2) Processing of accident data
Road accident data in the Europe-wide CARE database (European Commission, 2019) was
processed to identify the accidents that took place within the ODD requirements of the
mature ADFs (chapter 2.1) with the variables available in the CARE database.
Even though the accident records in the CARE database have most of the attributes needed
for the scaling-up of safety impacts, not all fields are always completed, or they may be of
type “unknown” or “not specified”. Thus, a process was needed to fill in these data gaps to
produce an estimate on the frequency of all relevant accident characteristics in EU27+3 to
define the target accidents that can potentially be prevented with use of ADF. In-depth and
national accident road accident statistics were used to complement the CARE database.
3) Determination of target accidents (i.e. potentially preventable accidents)
Accident types of the CARE database occurring within the ODDs of the ADFs were mapped
with the simulated driving scenarios. The safety effect of these accident types was derived
from the simulations. The effects for the relevant accident types that were not covered by
simulations needed to be assessed on the basis of other sources (see step 6). The ADFs
were assumed to have no direct impact outside their ODD.
4) Calculation of impact estimates from safety simulations for the current accidents
The safety impact scaled up for EU27+3 was calculated per ADF with the formula below for
different severities (i) (accidents with fatal, serious and slight injuries) and for different
penetration rates (p) set for the socio-economic impact assessment based on the expected
change in total number of injury accidents, the frequency in the driving scenario that
potentially leads to an accident, and the share of certain severity among all injury accidents.
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𝑇!"!#$,& = Number of target accidents (injury accidents of all severities: slight, serious, fatal) for driving scenario j
∆𝑓!,# = Change in the frequency of driving scenario j for penetration rate p
∆𝐼$%$&',!,# = Change in total injury accident risk for driving scenario j for penetration rate p

𝐴',() = Number of accidents of severity i for target accident type (AT) linked to driving scenario j
𝐴!"!#$,() = Number of all injury accidents in total for AT linked to driving scenario j
∆𝑖(,!,# = Change in accidents’ share of severity i for driving scenario j for penetration rate p

𝑇',& = Number of target accidents with severity i for driving scenario j
Note: The value for all deltas in the formula is 1.00 for 0% change, 0.95 for -5% change, 1.05 for +5% change, etc.

The formula above is inspired by Rösener et al. (2018) and developed further within the
L3Pilot project. The factors ∆𝑓 and ∆𝐼 are weighted based on their real occurrence (∆𝑓 for
traffic volumes and motorway types by vehicle kilometres travelled in EU (EU-VKT) and ∆𝐼
for traffic volumes and motorway types by driving scenario occurrence in EU).
For the urban environment, the changes in frequency of driving scenarios could not be
simulated. Thus, the safety impact assessment addressed only changes in the overall injury
risk (Itotal) and in the severity of accidents (ii). Consequently, the scaling-up approach could
also be simplified to address only the proportion of accidents corresponding to the
penetration rate of ADF driven vehicles and the impact on the number of accidents of the
relative differences in their injury accident risk and severity compared to the manual vehicles
in the baseline.
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p = Penetration rate of ADF driven vehicles
𝐼$%$&',! = Total injury accident risk for driving scenario j
𝑖(,!,# = Accidents’ share of severity i for driving scenario j

5) Calculation of impact estimates from safety simulations for the new accidents
The scaling-up logic above was applied for those scenarios where the current accidents
could be utilised as basis for impact assessment. As this is not the case for some of the
“new” accidents caused by ADF driven vehicles, a separate process was set within the
L3Pilot project for scaling-up of those accidents. In practice, this assessment method was
applied for the driving scenarios Minimal Risk Manoeuvre (N1) and Wrong activation (N2).
For these, L3Pilot developed an approach in which the number of new accidents was
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assessed via the relative change in the average injury accident rate and an estimate of the
number of related driving scenarios.
𝐼𝑚𝑝𝑎𝑐𝑡',* = ,

&-./,.0

𝑇𝑅!"!#$,+, ∙ /∆𝐼𝑅!"!#$,&,* − 12 ∙ 𝑉𝐾𝑇&,* ∙

𝐴',&,*
𝐴!"!#$,&,*

𝑇𝑅!"!#$,+, = Injury accidents rate (injury accidents of all severities: slight, serious, fatal) within ODD in EU27+3
∆𝐼𝑅$%$&',!,# = Change in injury accident rate for driving scenario j for penetration rate p
𝑉𝐾𝑇!,# = Vehicle kilometres travelled (VKT) under influence of driving scenario j for penetration rate p in EU27+3

𝐴',&,* = Number of accident severity i for driving scenario j for penetration rate p
𝐴!"!#$,&,* = Number of all injury accidents in total for driving scenario j for penetration rate p
Note: The value for delta in the formula is 1.00 for 0% change, 0.95 for -5% change, 1.05 for +5% change, etc.

6) Estimation of impacts for the non-simulated accident types
The accident types that are not addressed by any simulated scenario were evaluated on the
basis of mature ADF design principles and accident statistics with the following assumptions:
•

ADF does not have unintended lane departures, and as a result, run-offs are only
possible in very slippery (non-weather related) conditions and the AV does not hit
objects or obstacles outside the lane.

•

ADF brakes when another vehicle is approaching from the opposite direction (headon/reversing) in the same lane. Hence the ADF cannot avoid the collision but
the severity may decrease due to speed reduction.

•

A majority of accidents with opening doors of parked vehicles are very
sudden situations, hence the ADF cannot avoid these collisions.

Accident statistics (GIDAS, STATS19, Finnish Crash Data Institute) were exploited to find
information on these accident types (chain of events, location, conditions).
7) Identification of other expected changes per mechanism not covered above
In order to assess other expected changes for each relevant safety impact mechanism (see
full list M1–M9 in Annex 1.6) identified as being applicable for L3 automation in passenger
cars, the results on impacts assessed based on safety simulations and non-simulated
accident types needed to be supplemented. The direct effects and those related to
interaction were assumed to be mainly covered with the results of safety simulations. The
effects for indirect mechanisms and for some direct non-simulated aspects were identified
and estimated based on national and in-depth accident data, L3Pilot results (e.g. mobility
impact assessment and L3Pilot supplementing studies), and findings from earlier studies
(mainly simulator studies).
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4.2.2 Method for parking ADF
The method for the safety impact assessment of parking ADF was defined based on an
international literature review. For a holistic assessment of the impact of parking ADF on the
occurrence of damage, the following four key elements were considered: target accidents,
effect, usage and market penetration.
The estimation of target accidents for parking ADF was conducted by identifying the
maximum percentage of insurance claims of vehicles without ADF (baseline) that could be
addressed (and theoretically prevented) by the mature parking ADF. For this purpose, as
parking accidents are not well represented in the CARE database (European Commission,
2019), insurance claims databases of Allianz Germany were analysed according to the
generic description of the mature parking ADF as defined in Deliverable D3.3 (Metz et al.,
2019). The assignment of the accidents to the respective functionality (home zone parking
and public parking) of the mature ADF was carried out by means of a case-by-case analysis
using accident descriptions. This step included determining the share of parking manoeuvres
in the database that took place within the ODD of the mature parking ADF. Insurance claims
offer a comprehensive basis for parking accidents, since these accidents (excluding those
involving personal injuries) are in most cases reported only to the insurance company, not to
the police.
The parameter effect explicates the share of target accidents that can be prevented under
real road traffic conditions and therefore considers limitations (e.g. sensor capability,
technical failures) that reduce the efficiency of the parking systems. Several studies on realworld effectiveness of current crash avoidance capabilities for parking functions (see e.g.
Cicchino, 2019) show a reduction of addressable accidents through the respective
technologies of up to 78%. Expecting a higher efficiency for the mature parking ADF, two
scenarios for the parameter effect were defined for the calculation: 75% and 100%.
Usage represents the extent to which the parking ADF is activated by drivers, and market
penetration describes the share of vehicles on the road that is equipped with the parking
ADF. The experimental procedure of the parking ADF tests in L3Pilot do not allow estimation
of the true degree of usage. Therefore, usage and market penetration were combined into
scenarios for penetration rate in use (5%, 10%, 30% and 100%), see Metz et al., 2019.
The three factors (target accidents, effect as well as combined usage and market
penetration) were multiplied for the respective functionality of the mature parking ADF and
the results yield the potential for reducing insurance claims in the respective scenarios for
effect and penetration rate in use. Since the insurance databases contain claims of different
insurance coverages (motor own damage (MoD) and motor third party liability (MTPL)
insurance) the respective individual results were finally weighted and summarized according
to the respective share within insurance claims. More details can be found in Annex 1.5.1.
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4.2.3 Input data
The safety impact assessment required several types of input data from different sources,
which were used as input for describing the baseline, the simulations and models as well as
the scaling-up. The main sources for input data that were utilized in L3Pilot were:
1) L3Pilot data
Results from the technical assessment (see L3Pilot Deliverable D7.3 by Weber et al.,
2021) were used to determine the distributions for setting up the driving and traffic
scenarios and to define parameters for the mature L3Pilot ADFs (longitudinal and
lateral control). Traffic and infrastructure data were used to identify the representative
motorway and urban environments for simulations. Speed distributions from L3Pilot
were used in the counterfactual sensitivity analysis.
Results from the user assessment (Weber et al., 2021) were used to provide inputs
on models for the takeover behaviour (e.g. takeover time) and to produce information
on usage of ADFs for the scaling-up. Specifically, results from the supplementary
studies and the mobility impact assessment provided insights on the direct and
indirect effects of ADFs for the ERiC method.
The mature L3Pilot ADF descriptions (defined and described in Chapter 2) and their
ODD were used to define the target accidents within the ODD.
2) European accident database
The scaling-up of safety impacts to European level exploited accident data from the
European-wide CARE database (European Commission, 2019). The assessment
covered EU-27+3 countries (EU + Norway, Switzerland and UK). The data used in
the analysis covered road accident data for 2018. For three countries 2018 data was
not available and for those countries the accident numbers from the latest available
year was used (Lithuania: 2015, Ireland: 2016 and Norway: 2017). The total number
of road accidents with injuries included in the analysis was 1,098,564. These included
23,778 road accidents with fatalities, 206,263 with serious injuries, and 868,523 with
slight injuries.
3) In-depth and national accident databases
In-depth and national accident databases2 were used to complement the information
available in the CARE database and to assess the effects for non-simulated accident
types since they include more detailed information on e.g.: weather conditions
(precipitation intensity), and road and traffic conditions (existence and conditions of
lane markings, traffic volume). In-depth and national accident databases were also
used in the counterfactual simulation approach.
2

BAAC (France), IGLAD (available EU countries), GIDAS (Germany), Statistics Finland (Finland), STATS19
(UK), STRADA (Sweden), VOIESUR (France), Finnish Crash Data Institute (Finland), VCTAD (Volvo Cars
Traffic Accident Database (VCTAD), internal in-depth crash data, Sweden), TASC (Germany)
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4) Near-crashes from naturalistic driving data
Data from the US SHRP2 naturalistic driving dataset. Near-crashes from SHRP2
were used in the counterfactual sensitivity analysis.
5) Insurance accident data
AZT insurance accident database (based on claims of Allianz) were used for the
safety impact assessment of the parking ADF. It must be noted that parking accidents
are typically underreported in the national accident statistics, which are often based
on police reported accidents. Databases of insurance companies provide more
details.
More detailed description of the used input data can be found in Annex 1.2.

4.3 Results
In the following the results of safety impact assessment are presented. First, the unweighted
results are reported per ADF (motorway, urban, parking). Next, the target accidents of the
ADF are described on the basis of the CARE accident types. In the last step, the scaled-up
results on the European level are presented.
4.3.1 Effects of the ADF
The simulation results for the urban and motorway environments are presented per driving
scenario. The simulations for the safety impact assessment started after the pilots in L3Pilot
were finished and first results from the technical & traffic assessment were available. Most of
the preparation steps (implementation of the mature L3Pilot ADFs, build-up of scenarios, test
runs etc.) were conducted prior to this period since the results were required for the socioeconomic impact assessment and the time frame was limited.
4.3.1.1 Motorway
In the following the simulation results are reported per simulation approach. The results here
have not been weighted so far. The weighting of the results is conducted in the scaling-up
(section 4.3.3). For the sake of comprehensiveness, this section focuses on the key results.
Further results of safety impact assessment for the motorway are given in Annex 1.3.
The Counterfactual simulation approach
The counterfactual simulations provided information about whether each counterfactual case
resulted in a crash or not, and what the impact speed was for each involved vehicle if there
was a crash. These data were then used to calculate the proportion of avoided crashes,
comparing baseline (no system and with AEB, respectively) and treatment (the ADF), and
the injury and fatality risk (severity) of each remaining crash, across the three conditions. The
severity calculations, as well as how the severities were combined to a crash-level metric
(i.e., combining the risks for occupants in both involved vehicles), can be found in section 0.
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The main results for the covered motorway scenarios (P1,P2, P3a and P3b) are shown
below, while detailed descriptions can be found in Annex 1.3.2.1, which also includes details
about all used databases including the additional sensitivity analysis (comparing the main
results with the other four simulated datasets).
For the P1 Rear-end (car-following) conflict, where a lead-vehicle, which the ego-vehicle is
following, is braking (typically hard), all of the crashes in the “VCC synthetic” database3 were
avoided with the L3Pilot ADF, while only 46% of the crashes were avoided by the AEB (the
baseline AEB cases). See Figure 4.5 below for a comparison between the scenarios with
respect to crash avoidance.
For the P2 End of traffic jam (rear-end) conflict, where the ego-vehicle driving at a (relatively)
high speed catches up to a vehicle in the same lane which is at standstill or moving slowly,
resulting in an ego-vehicle rear-end striking crash, all of the crashes were avoided. With only
the AEB (baseline AEB), 71% of the crashes were avoided, while all crashes were avoided
with ADF.
The counterfactual simulations show that the L3Pilot motorway ADF avoided approximately
78% of all P3 cut-in (rear-end) crashes, where a vehicle in an adjacent lane (left or right) cut
in and braked in front of the ego-vehicle, resulting in an ego-vehicle striking crash. This is a
slightly better performance than if only AEB had been available in the ego-vehicle, where
approximately 72% of the crashes were avoided.
For the P3 Cut-in (sideswipe) conflict scenario, where a vehicle in the adjacent lane (left or
right) initiates a lane change, and impacts the side of the ego-vehicle, the L3Pilot ADF did
not manage to avoid any of the crashes. This is likely due to the way that the L3Pilot ADF is
defined, without a lateral prediction of the adjacent vehicle’s motion prior to it entering into
the ego-vehicle’s lane, and without any precautionary component (such as avoiding
remaining, e.g., in the blind-spot of a truck). In the case of inclusion of lateral prediction
already before lane-entering, or some precautionary functionality, at least a subset of the
crashes of this type would likely have been avoided. Naturally, the baseline AEB also did not
avoid any of the crashes (as it is a sub-function of the ADF).
Table 4.2: Overview of scenarios and number of simulations by means of the counterfactual
simulation approach (synthetic cases based on the VCC databases).
Number of
Simulations

P1 Rear-End
Conflict

P2 End of
Traffic Jam
Conflict

P3 Rear-End
(Cut-In) Conflict

P3 Cut-In
Sideswipe
Conflict

Baseline

360

80

140

360

Baseline AEB

360

80

140

360

ADF

360

80

140

360

3

These are synthetic variations of crash reconstructions from in-depth crash investigations performed by Volvo
Car Corporation; see Annex 1.3.1. for database descriptions.
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In addition to the main results, a sensitivity analysis was performed, applying the AEB
(baseline AEB) and ADF to four other datasets (see Annex 1.3.1.1) in order to check the
robustness and for new created crashes. The detailed results from this sensitivity analysis
are available in Annex 1.3.2.1.

Crash Rate [-]

100,0%
80,0%
60,0%
40,0%
20,0%
0,0%
P1 Rear End (carfollowing) Conflict

P2 End of Traffic
Jam Conflict
Baseline

AEB

P3 Cut-In
(Sideswipe) Conflict

P3 Cut-In (RearEnd) Conflict

ADF

Figure 4.5: Crash rate (ego-vehicle) in driving scenario simulated by means of counterfactual
simulations. ADF crash rate is zero for P1 and P2.

Rate of crashes with
property damage only [-]

Figure 4.5 shows the details for the results of the outcomes of the crashes for baseline,
baseline with AEB, and ADF (remaining crashes only for the P3 scenarios, i.e. no crashes
detected for the ADF in P1 and P2). Overall, the similarities across systems (i.e., baseline,
baseline AEB, and ADF) and scenarios is striking for the three scenarios P3a Cut-in (rearend) conflict, P3b Cut-in (sideswipe) conflict, and P1 Rear-end (car-following) conflict with
respect to the severity (see Figure 4.6 to Figure 4.9). That is, the severities for these
remaining crashes do not change between baseline, baseline AEB, and ADF. However, the
P2 End of traffic jam (rear-end) conflict does have overall, as expected, a higher proportion
of more serious outcomes, but the severity of the outcomes is substantially reduced (from
approximately 5.5% to less than 2% fatality risk) in the residual crashes after AEB. ADF
avoids all crashes of this type.
25%
20%
15%
10%
5%
0%
P1 Rear End (carfollowing) Conflict

P2 End of Traffic
Jam Conflict
Baseline

AEB

P3 Cut-In
(Sideswipe) Conflict

P3 Cut-In (RearEnd) Conflict

ADF

Figure 4.6: Proportion crashes with property damage only.
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Rate of crashes with slight
injuries [-]

75%
70%
65%
60%
55%
50%
P1 Rear End (carfollowing) Conflict

P2 End of Traffic
Jam Conflict
Baseline

P3 Cut-In
(Sideswipe) Conflict

AEB

P3 Cut-In (RearEnd) Conflict

ADF

Rate of crashes with
severe injures [-]

Figure 4.7: Proportion of crashes with slight injuries.

35%
30%
25%
20%
15%
10%
5%
0%
P1 Rear End (carfollowing) Conflict

P2 End of Traffic
Jam Conflict
Baseline

P3 Cut-In
(Sideswipe) Conflict

AEB

P3 Cut-In (RearEnd) Conflict

ADF

Rate of crashes with fatal
injuries [-]

Figure 4.8: Proportion of crashes with serious injuries.
6%
5%
4%
3%
2%
1%
0%
P1 Rear End (carfollowing) Conflict

P2 End of Traffic
Jam Conflict
Baseline

AEB

P3 Cut-In
P3 Cut-In (Rear-End)
(Sideswipe) Conflict
Conflict
ADF

Figure 4.9: Proportion of crashes with fatal injuries.
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In summary, for all but the P2 End of Traffic Jam conflict type, the similarity in severity of the
original crashes and the residual crashes (after AEB and ADF, respectively) indicate that the
main impact on safety for ADF (and baseline with AEB) is the crash avoidance, where all
rear-end conflicts are avoided with ADF, while no crashes are avoided in the P3a Cut-in
(sideswipe) conflicts.
Monte-Carlo based traffic simulations (Driving Scenarios)
For traffic simulation by means of the Monte-Carlo approach seven different conditions were
analysed. The conditions include two baseline scenarios in which the ego-vehicle is driven by
the SCM driver behaviour model and four treatment conditions, in which the ego-vehicle is
driven by the mature ADF. The difference between the two baseline conditions is the AEB
penetration rate for the traffic vehicles and the ego-vehicle. The difference between the
treatment conditions is the ADF penetration rate for the surrounding traffic. Originally, a fifth
treatment condition with an ADF penetration rate of 100% was planned. However, this
condition could not be simulated due to timing and storage issues. An overview of simulated
conditions and number of simulated cases is given in Table 4.3.

Baseline

Baseline
AEB

Treatment
0

Treatment
5

Treatment
10

Treatment
30

Table 4.3: Overview of Monte-Carlo Based Traffic Simulation cases.

•

Ego-vehicle

MV
(0%)

MV (0%
w. 7.5%
AEB)

ADF
(100%)

ADF
(100%)

ADF
(100%)

ADF
(100%)

•

AEB (Traffic)

0

7.5%

7.5%

7.5%

7.5%

7.5%

•

ADF (Traffic)

0%

0%

0%

5%

10%

30%

Penetration Rate of …

Number of simulated cases of …
•

P4 Lane Change Conflict

3507

3279

2231

2192

2313

1921

•

P5 VRU Conflict

2507

2534

2606

2633

2651

2574

•

N1 MRM

4493

4487

4503

4501

4493

4259

•

N2 Wrong Activation

5195

5199

4495

4500

4488

4444

•

N3 End of Lane

1726

1728

1732

1732

1734

1719

•

N4 Obstacle in the lane

4502

4519

4520

4468

4511

4284

•

N5 Lower Speed Limit

3832

3827

2796

2789

2885

2878

•

N6 Motorway Passing

2208

2339

2367

2342

2372

2381
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For each simulated driving scenario, certain traffic and infrastructure conditions have been
varied. These variations include the traffic volume, the given speed limit, and the number of
lanes. For each combination, the number of simulation cases was set prior to the simulation
independent of the condition. It is important to note that the number of simulated cases is
always a compromise between the duration of the simulation and the requirement to obtain
comparable results between conditions. Due to the stochastics of the Monte-Carlo approach,
these simulation results vary anyway. Therefore, the number of simulations should be as
high as possible to minimize these differences and to achieve comparable results.
In the end, approx. 155,000 simulations were conducted for the safety impact assessment of
the driving scenarios. In these simulations the ego-vehicle drove approx. 241,000 km
(manually approx. 91,000 km; automated approx. 150,000 km). This is slightly less than in
the L3Pilot, in which the vehicles drove 200,000 km in automated mode. However, it must be
noted that the simulation drove the distance only in critical scenarios. All simulated vehicles
drove in total approx. 28 million km during the simulations. The generated simulation data
exceeded 2.2 Terabytes.
The main indicator in the analysis of the safety impact assessment is the crash rate of the
ego-vehicle, per condition. For the crash rate any collision is considered, in which the egovehicle has been involved, independent of whether the ego-vehicle was at fault or not. An
overview of all results per simulated scenario is given in Figure 4.10. The results show, in
general, a lower crash rate for the treatment conditions. The exception is treatment 30, which
shows a substantially higher crash rate than the other treatment conditions. One reason for
this might be that the simulated L3Pilot mature ADF has not been designed and optimized to
operate at higher penetration rates. Therefore, it is questionable which conclusions can be
drawn from this treatment condition. Regarding the scenarios, it needs to be noted that the
VRU scenario shows nearly no difference between treatment and baseline and that for the
MRM scenario an increase of the crash rate can be observed.
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Crash Rate VRU [-]
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Baseline AEB Treatment 0 Treatment 5 Treatment 10 Treatment 30
P4 Lane Change Conflict
N2 Wrong Activaiton
N4 Obstacle in the Lane
N6 Motorway Passing

N1 MRM
N3 End of Lane
N5 Lower Speed Limit
P5 VRU Conflict

Figure 4.10: Crash rate (ego-vehicle) in driving scenario simulated by means of Monte-Carlo
approach. Scale for P5 VRU Conflict at the right.
The most direct comparison between the baseline and treatment is given for the baseline
condition AEB and the treatment 0, since in both conditions the penetration rates of the AEB
and ADF in surrounding traffic are the same. The crash rates in these two conditions are
presented in Figure 4.11. Here, an increase of the crash rate can be observed in the MRM
scenario. The crash rate in the VRU scenario increases as well. However, considering the
crash rate in the first baseline (39.8%) and the crash rate in treatment 0 condition (39.6%),
there is no explanation as to why the crash rate drops in the baseline AEB to 37.6%, since
the same AEB is used. One explanation, which also is relevant for all minor differences
between conditions – positive as well as negative – could be the stochastics in the
simulation.
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Figure 4.11. Crash rate (ego-vehicle) in driving scenario simulated by means of Monte-Carlo
approach – comparison baseline AEB and treatment 0. For P5 the scale is at right
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The second relevant indicator for answering the research questions regarding the safety
impact is the accident severity. The probability of having a slight, a serious or fatal injury is
presented for all six conditions per scenario in Figure 4.12, Figure 4.13 and Figure 4.14.

Figure 4.12: Proportion of accidents with slight injuries. For P5 the scale is at right.
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Figure 4.13: Proportion of accidents with serious injuries. For P5 the scale is at right.

Figure 4.14: Proportion of accidents with fatal injuries. For P5 the scale is at right.
Larger changes in the probability of serious and fatal injuries between baseline and treatment
conditions can be observed for the ‘Obstacle in the lane scenario’ and for the “VRU conflict”.
For both scenarios a decrease in the probability of serious or fatal injuries is detected.
Considering that for the VRU scenario the crash rate does not change, it can be concluded
that even if the ADF does not prevent crashes in this scenario, at least the injury severity can
be reduced significantly. These are only two aspects. A more comprehensive discussion of
the results can be found in Annex 1.3.2.2.
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Monte-Carlo based traffic simulations (Traffic scenario)
Along with the driving scenario simulations, traffic simulations were conducted by means of
the Monte-Carlo traffic simulation approach. The difference of this with the above driving
scenarios is that, in the traffic scenarios, the simulation time is longer, and no pre-defined
manoeuvres or conflicts are induced. The purpose of these simulations is to determine the
impact of the ADF on the frequency of each specific driving scenario. Overall, 12,926
simulations were conducted (baseline: 2,273, baseline AEB: 2,273, treatment 0: 2,045,
treatment 5: 2,074, treatment 10: 2,271, treatment 30: 1,990). Again, treatment 0 to 30
represent 0% to 30% penetration rate. In these simulations the manually driven vehicles
traveled 10,187,219 km (ego-vehicle 24,474 km) and the automated vehicles 596,821 km
(ego-vehicle 38,474 km).

0,7
0,6
0,5
0,4
0,3
0,2
0,1
0

0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
Baseline AEB

Treatment 0

Frequency Lane Changes Performed

Frequency Passive Cut-Ins

Frequency Approaching Lead Vehicle

Proportion Time Free Driving

Proportion Time [-]

Frequency [1/km]

For the analysis of the ADF’s impact on the frequency of driving scenarios, first the baseline
AEB and treatment 0 were compared. These two conditions were selected since the
proportions of AEB in the surrounding traffic were equal in both conditions. The results
revealed a decrease in the frequency of the performed lane changes by the ego-vehicle (68%) and a slight decrease of “Approaching a lead-vehicle” manoeuvres (-14%) (see Figure
4.15). The frequency of encountered passive cut-in manoeuvers, in which another vehicle
cuts-in in front of the ego-vehicle, increased by 14%. The analysis of the proportion of driving
time with car-following showed an increase of 17%. Consequently, the proportion of driving
time with no influencing vehicle (free driving) was reduced by 17%.

Proportion Time Car Following

Figure 4.15: Change of driving scenario frequencies between baseline 2 and treatment 1.
The analysis of individual scenarios per condition is available in Annex 1.3.2.3. In general,
the results of the other treatment conditions mostly confirmed the tendencies of the one-onone comparison between baseline AEB and treatment 0.
4.3.1.2 Urban
The simulation approach for the urban impact assessment creates as output scenarios in
which the driver model considered as baseline crashed (i.e. manual driving without ADF and
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AEB) and the mature ADF or a state-of-the-art AEB vsystem were able to avoid the crash in
these scenarios. From these simulation results it is possible to derive a crash rate for ADF
and AEB. The simulated scenarios have been generated by the sampling approach
described in Roesener (2020) (discussed in more detail in Annex 1.4.1.).
In contrast to the counterfactual approach, a synthetic baseline was generated using a
Monte-Carlo sampling approach in combination with a driver model, which represents the
reference driver behaviour (no ADF or AEB) in the simulated scenarios. Driver behavior and
resulting crash-causation mechanisms do not replicate all facets of crash-causation
mechanism. The reaction of the model used was still “too good” in a small number of driving
scenarios (6 out of 30 scnearions), where the model did not crash in the simulated cases
derived from the scenario. This was particularly relevant for scenarios at intersections with
the object vehicle or VRU coming from the left side. In these scenarios the driver model had
sufficient time to perceive and react to the driving scenarios. In the following, the results will
be presented in groups summing up certain driving scenarios. A high-level grouping is made
between scenarios involving other vehicles, pedestrians and cyclists (Table 4.4). Annex 1.4.2
presents the results per individual driving scenarios which were also used for scaling-up the
effects to European level. Within the groupings presented here, effects within each driving
scenario are weighted equally.
Table 4.4: Grouping of scenarios for presentation of urban results.
Driving scenario involving
other vehicles

Driving scenarios
involving pedestrians

Driving scenarios
involving cyclists

Approaching leading or static
objects

Pedestrians static in road

Crossing (passing through an
intersection) with a cyclist
approaching laterally

Cut-Ins

Pedestrians crossing outside
an intersection

Turning right at an
intersection with a cyclist
approaching laterally

Crossing (passing through an
intersection)

Pedestrian crossing while the
ego-vehicle is doing a right
turn

Turning left at an intersection
with a cyclist approaching
laterally

Turning right at a junction

Pedestrian crossing while the
ego-vehicle is doing a left turn

Turning left at a junction

Cyclists as a static or braking object have not been simulated as the required parameters
could not be derived from the available input data. For the scaling-up, effects are transferred
from scenario ‘pedestrian stationary in road’.
Overall, the numbers of simulations presented in Table 4.5 were considered for the impact
assessment of urban ADF. Given the timing of the assessment late in the project, only a
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limited number of simulations could be run. Simulating all necessary driving scenarios was
prioritized over the number of runs per driving scenario, because the variation of the
distributed parameters in the models used was considered small compared to the differences
between the driving scenarios.
Table 4.5: Numbers of simulation cases and resulting crashes for urban simulation.
Overall number of evaluated cases

7600

Number of valid crashes for the driver model (baseline)

1138

Number of valid crashes for the AEB

745

Number of valid crashed for the mature ADF

267

In the following, the results are presented for the grouped scenarios given in Table 4.4.
Whereas for motorway ADF it was possible to present individual graphs per driving scenario
and injury level, the much greater number of scenarios to be considered made it necessary
to present the results in a combined way: Within the figures the length of each bar represents
the crash rate. The driver model herein always represents the baseline (BL) with a crash rate
of 100%. For ADF and AEB it is evaluated what is the percentage of avoided crashes
compared to the driver model. The colour coding of each bar shows the share of the different
injury risk levels relative to the crash rate, based on the chosen injury risk functions.

Figure 4.16: Crash rates and distribution of injury risk levels for the different vehicle-tovehicle scenarios.
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The results for vehicle-to-vehicle scenarios as given in Figure 4.16 , which shows that the
ADF introduces a crash reduction of better than 78% in each scenario group, apart from Cutins, with 55%, and in right turning scenarios, of 100%. In right turns, the advantage of the
urban function having sensors at the corners of the vehicle may be a relevant factor for this
result. Furthermore, in all scenarios, the ADF has an advantage over the AEB system
simulated, although the AEB introduces a reduction in the crash rate of at least 50% apart
from crossing scenarios. A surprising result for the AEB system is that for crossing scenarios,
the AEB – although reducing the crash rate by 30% – has a greater share of serious injuries,
even greater than the manually driven model in absolute terms. This may be due to the
relatively short reaction times chosen for the driver model in crossing and turning situations,
while the AEB has the same logic and delays in all scenarios. In general, it can be observed
that the crashes in simulations result in relatively slight injuries, which may be different to
motorway results but is reasonable given the lower speeds common in urban scenarios.

Figure 4.17: Crash rates and distribution of injury risk levels for the different scenarios
involving conflicts with pedestrians.
For scenarios involving pedestrians (Figure 4.17) the results show that the ADF is able to
reduce the crash rate by more than 50% in all presented scenarios. The simulated scenarios
with a pedestrian while turning left did not result in a crash for the driver model. Thus, no
reduction could be determined for AEB and ADF. In the scenarios with a pedestrian
stationary in the road, the ADF has no advantage compared to the AEB system, as both
systems can react the same way as soon as the object can be perceived. For scenarios with
the pedestrian crossing outside a junction the ADF has an advantage over the AEB system:
The AEB will only react to the pedestrian when the pedestrian is in its lane, whereas the ADF
was setup to already predict a lateral movement of the pedestrian and thus identify the
crash-relevant conflict as soon as the pedestrian turns towards the road while walking. This
advantage may be less relevant at a junction. In these scenarios, the advantage of the ADF
compared to the AEB may be more influenced by the turning velocity of the “insecure” driver
model used until the ADF reacts to the conflict with the pedestrian.
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Figure 4.18: Crash rates and distribution of injury risk levels for the different scenarios
involving conflicts with cyclists.
For scenarios involving cyclists turning (Figure 4.18), the ADF achieves a reduction in the
crash rate of more than 80%, and for crossing cyclists a reduction of 28%. For right turns, the
benefit compared to an ADF is not as substantial as for left turn scenarios. For left turns, the
results for the AEB system have a smaller share of slight injuries. In general, changes in the
injury risk level may be introduced through a different type of AEB and ADF within the same
cases. Increasing the overall number of simulations, and thus crashes, to evaluate will yield
more stable results, probably eliminating such effects.

Figure 4.19: Predicted crash rates (0% to 100% at left scale) at baseline (BL) and different
penetration rates within the driving scenarios.
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As explained in 4.2.1.1, it was not possible to simulate urban traffic in a way that allows
judging the frequency of crash-relevant scenarios. The approach for the driving scenario
simulation considers situations in which the ego-vehicle needs to react to avoid the collision.
The crash-relevant scenario is induced by the other participant. At considerably high
penetration rates, it can be assumed that the number of crash-relevant situations is reduced,
as the vehicle that would induce the situation is now an automated vehicle, which will follow
the traffic rules and thus not induce the crash-relevant conflict. For scenarios involving VRUs,
the VRU is always considered to be the one to induce the situation. A higher penetration rate
does not influence this. Based on this consideration, the crash rates at the different
penetration rates can be estimated as shown in Figure 4.19.
4.3.1.3 Parking
In contrast to the motorway and urban AD, it was not feasible to perform the safety impact
assessment of parking ADF through simulations. In the following, the key results are
reported. More detailed information on the results is given in Annex 1.5.2.
The analyses of the AZT databases (on the basis of Allianz insurance claims in Germany)
yield the share of target accidents for the mature parking ADF presented in Table 4.6. To
provide more detailed information on the relevance of each functionality of the parking ADF,
the proportion of target accidents (i.e. accidents that need potentially to be addressed by the
parking ADF) is shown for home zone parking and for public parking. Due to the different
natures of the considered insurance coverages (see Annex 1.2.4), the share of target
accidents differs for home zone parking and for public parking. For the parking ADF home
zone a share of target accidents of 5.1% for 1st party claims respectively 0.3% for 3rd party
claims could be determined. In contrast the databases show a higher share of addressable
claims for the parking ADF public. 14.0% of the analysed 1st party claims respectively 25.1%
of the 3rd party claims were considered as addressable by the public parking ADF. By
weighting the rates for each insurance coverage, a finalshare of 23.2% of the analysed
claims within the insurance collision claims databases could be determined as addressable
by the mature parking ADF.
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Table 4.6: Number and share of target accidents by parking ADF functionality and by
insurance type in ATZ database, Germany.
Database /
insurance type

1st party/ MoD-Coll
3rd party/ PD
MTPL
BI
Total
(weighted)
Overall collision
claims (weighted)

Mature parking ADF
Parking ADF
home zone
Target
Share
accidents
inside
ODD
298
5.1%
13
0.3%
0
0%
0.3%

Parking ADF public

Parking ADF (total)

Target
accidents
inside
ODD
820
1,379
59

Share

Target
accidents
inside
ODD
1,118
1,392
59

Share

311

2,258

21.2%

2,569

23.2%

2.0%

14.0%
27.2%
3.6%
25.1%

19.1%
27.5%
3.6%
25.4%

Number
of claims
AZT
database

5,855
5,079
1,659

The share of motor insurance collision claims estimated to be prevented is presented in
Table 4.7. The expected benefit is illustrated by the different scenarios for effect and
penetration rate in use. The results show that the parking ADF has an avoidance potential of
0.9% - 23.2% of motor insurance collision claims depending on the respective effect and
penetration rate in use. Due to the nature of parking accidents, the impact on the share of
accidents with injuries was estimated to be very small. In contrast, a high penetration rate of
the parking ADF is expected to lead to a significantly decrease in accidents with property
damage only.
Table 4.7: Share of insurance collision claines in Germany claims potentially prevented by
effect and by penetration rate of mature parking ADF, e.g. a 75% effective parking ADF at a
combined penetration rate and usage rate of 30% would avoid 5.2% of the collision claims.
Target accidents
parking chauffeur

23.2%

Effect

Penetration
rate in use

75%

5%
10%
30%
100%
5%
10%
30%
100%

100%

Expected benefit - avoidable share
of insurance collision claims
0.9%
1.7%
5.2%
17.4%
1.2%
2.3%
7.0%
23.2%

Due to the lack of detailed information on parking accidents in other European countries the
calculated results are based on German insurance data only. Consequently, scaling-up to
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EU27+3 was not feasible. Nevertheless, various studies by automotive research centers
based on insurance claims data indicate that parking accidents are broadly similar in various
countries (see RCAR, 2015). Although more detailed information on the cause of the
damage is missing, the studies indicate also for other European countries a similar impact of
parking ADF on accidents as presented in this chapter.
4.3.2 Target accidents by ADF type
The number of target accidents in EU27+3 (covering all road accidents with injuries) used as
reference values in safety scaling-up is presented in Table 4.8.
Table 4.8: Number of target accidents in EU27+3 by severity and by ADF type (considering
2018 accident data).
Motorway ADF
Severity of
accidents

Urban ADF

Total

Target
accidents
inside ODD

Total

All injury
accidents

37,898

55,138

370,168

609,575

868,523

6,327

10,976

67,547

124,680

206,263

Fatal

982

1,874

4,368

9,298

23,778

Total

45,207

67,988

442,083

743,553

1,098,564

Target
accidents
inside ODD

Slight
Serious

In order to support the planned calculations, the target accidents were first divided by
severity and then further divided by ADF, type including both the number of target accidents
within the ODD requirements of the mature ADF and the total number of target accidents
within the relevant environment (motorway and urban). The total number of injury accidents
in EU27+3 by severity, considering 2018 accident data, were 23,778 road accidents with
fatalities, 206,263 with serious injuries and 868,523 with slight injuries. See results for
number of target accidents for each simulated driving scenario in Annex 1.6.
4.3.3 Scaled up results across all assessed ADFs
The estimated change in the annual number of road accidents was calculated by applying
the formulas presented in section 4.2.1.3. Summary of the values used in the calculations for
the change in injury accident risk (∆𝐼), frequency of driving scenario (∆𝑓), and severity
proportion (∆i) for each simulated driving scenario can be found in Annex 1.6.
The number of new accidents caused by (partial or full) minimal risk manoeuvre and wrong
activation of ADF were estimated separately, with the equation presented in section 1.2.1.3.
As no data was available on their frequency, their frequency was estimated. The assumed
frequencies were once in 1,000 km for the “N1 (Partial or full) Minimal risk manoeuvre” and
once in 10,000 km for “N2 Wrong activation”. More information and discussion of different
frequencies can be found in Annex 1.6.
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The estimated change in the annual number of road accidents considering 2018 accident
data is presented by scenario in Table 4.9 for motorway ADF and in Table 4.10 for urban
ADF. The estimates are presented by severity and by penetration rate. The colours in tables
have the following meanings: i) green indicates a reduction in the number of road accidents,
and ii) red indicates an increase in the number of road accidents.
For motorway ADF, the largest number of prevented accidents result from scenarios P1
Rear-end conflict and P2 End of Traffic Jam conflict. With this assessment approach, there
are some small increases in accident numbers, especially in lower severities. For the urban
environment, the largest number of prevented accidents result from scenarios ‘AL
Approaching a leading object’ and ‘CVL0 Crossing with vehicle from left going straight’. This
is partly due to these scenarios being linked to several accident types (see Annex 1.6).
Table 4.9: Change in the annual number of road accidents with different severities by
penetration rate and by scenario (simulated driving scenarios and those without simulated
scenario) in EU27+3, motorway ADF.
Change in the current annual number of road accidents
Motorway
Scenarios

with fatalities

with serious injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%

10% 30% 5%

10%

30%

5%

10%

30%

P1 Rear-end Conflict

-10

-24

-65

-93

-218

-585

-585

-1,367

-3,675

P2 End of Traffic Jam
Conflict

-9

-18

-54

-81

-161

-483

-506

-1,012

-3,035

P3a Cut-In Conflict
(Rear-end)

0

-1

-4

-5

-16

-47

-15

-62

-204

P3b Cut-In Conflict
(Sideswipe)

0

0

-2

+4

-4

-33

+20

-21

-185

P4 Lane Change
Conflict

0

+1

-1

+7

+14

-10

+17

+43

-119

P5 VRU Conflict

-1

-1

-14

+6

+13

+36

-2

-3

-19

N1 (Partial or full)
MRM

0

0

+1

+1

+2

+7

+3

+6

+20

N2 Wrong Activation

0

0

0

0

0

+1

0

0

+3

N4 Obstacle in the
Lane

-4

-7

-24

-11

-23

-61

-94

-200

-595

N6 Motorway Entrance
(Passing)

-1

-1

-5

-4

-8

-28

-17

-30

-110

No simulated scenario
(Assumptions)

-13

-26

-77

-76

-152

-455

-421

-842

-2,525
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Table 4.10: Change in the annual number of road accidents with different severities by
penetration rate and by scenario (simulated driving scenarios and those without simulated
scenario) in EU27+3, urban ADF.
Change in the current annual number of road accidents
Urban Scenarios

with fatalities

with serious injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%

10% 30% 5%

10%

30%

5%

10%

30%

involving pedestrians
LPR Left turn with
pedestrian crossing
from right

-2

-3

-9

-16

-32

-97

-62

-125

-374

LPL Left turn with
pedestrian crossing
from left

-2

-3

-9

-16

-32

-95

-60

-119

-358

RPR Right turn with
pedestrian crossing
from right

-1

-2

-6

-11

-21

-63

-33

-65

-195

RPL Right turn with
pedestrian crossing
from left

-1

-3

-9

-15

-31

-92

-66

-132

-397

ASP Approaching a
pedestrian stationary
in road

-13

-26

-78

-185

-370

-1,111

-707

-1,413

-4,240

PL Laterally moving
pedestrian from left

-37

-74

-221

-365

-730

-2,189

-1,267

-2,533

-7,600

PR Laterally moving
pedestrian from right

-38

-76

-227

-378

-757

-2,271

-1,326

-2,652

-7,955

RVLB Right turn with
vehicle coming from
left

-1

-2

-6

-23

-47

-141

-117

-235

-704

LVR1B Left turn with
object coming from
right

-1

-2

-6

-28

-56

-168

-128

-256

-768

LVR2B Left turn with
vehicle coming from
right

-2

-4

-13

-68

-135

-406

-288

-576

-1,727

LVL1B Left turn with
vehicle coming from
left

0

-1

-2

-26

-52

-157

-65

-131

-393

-14

-28

-83

-314

-628

-1,885

-1,468

-2,936

-8,807

involving cyclists

CVR0B Crossing with
vehicle from right
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Change in the current annual number of road accidents
Urban Scenarios

with fatalities

with serious injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%

10% 30% 5%

10%

30%

5%

10%

30%

CVR1B Crossing with
vehicle from right
turning left

0

0

-1

-2

-5

-14

-11

-21

-63

COB Crossing with
oncoming vehicle
(turning across path)

0

0

0

-4

-8

-23

-13

-25

-76

RVL Right turn with
vehicle coming from
left

-1

-2

-5

-26

-51

-154

-197

-395

-1,185

LVR1Left turn with
object coming from
right

-1

-2

-6

-30

-60

-181

-209

-418

-1,253

LVR2 Left turn with
vehicle coming from
right

-4

-7

-22

-97

-193

-580

-611

-1,222

-3,665

LVL1 Left turn with
vehicle coming from
left

-1

-3

-8

-29

-58

-173

-229

-458

-1373

CVR1 Crossing with
vehicle from right
turning left

0

0

0

-2

-4

-12

-16

-33

-98

CO Crossing with
oncoming vehicle
(turning across path)

-1

-2

-5

-12

-25

-75

-63

-125

-375

CVL0 Crossing with
vehicle from left going
straight

-6

-13

-38

-307

-613

-1,840

-1,844

-3,687

-11,061

CI Cut-In by another
vehicle

-4

-8

-25

-106

-212

-636

-864

-1,727

-5,182

AS Approaching a
static object

-12

-24

-72

-174

-348

-1,045

-1,389

-2,778

-8,335

AL Approaching a
leading object

-8

-17

-50

-241

-482

-1,446

-2,037

-4,073

-12,220

OV Oncoming vehicle

-8

-16

-48

-86

-171

-514

-390

-781

-2,342

No simulated scenario
(Assumptions)

-30

-60

-179

-244

-488

-1,463

-1,271

-2,543

-7,629

involving another vehicle
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The estimated change in the annual number and share of road accidents considering 2018
accident data are presented in Table 4.11 by severity and by penetration rate. The results
show a decrease in the number of accidents for all penetration rates for both motorway ADF
and urban ADF. The proportion of prevented target accidents for motorway ADF was from
3.8%–4.2% for 5% penetration rate to 25.1%–27.6% for 30% penetration rate depending on
severity. The corresponding proportions are from 2.0%–2.9% to 13.1%–19.0% from all
motorway accidents, and from 0.1%–0.2% to 0.8%–1.2% of all road accidents.
The proportion of prevented target accidents for urban ADF was from 4.0%–4.3% for 5%
penetration rate to 23.9%–25.9% for 30% penetration rate depending on severity. The
corresponding proportions are from 2.0%–2.4% to 12.2%–14.5% from all urban accidents,
and from 0.8%–1.7% to 4.8%–10.2% of all road accidents.
Table 4.11: Change in the annual number and share of road accidents with different
severities by penetration rate in EU27+3.
Change in the current annual number of road accidents
Penetration
rate

with fatalities
N

Share1

with serious injuries
N

Share1

with slight injuries
N

Share1

Motorway ADF
5%

-37

10%

-78

30%

-246

-3.8% /
-2.0% /
-0.2%
-7.9% /
-4.2% /
-0.3%
-25.1% /
-13.1% /
-1.0%

-253

-555

-1,665

-4.0% /
-2.3% /
-0.1%
-8.8% /
-5.1% /
-0.3%
-26.3% /
-15.2% /
-0.8%

-1,604

-3,492

-10,467

-4.2% /
-2.9% /
-0.2%
-9.2% /
-6.3% /
-0.4%
-27.6% /
-19.0% /
-1.2%

Urban ADF

1

5%

-188

10%

-377

30%

-1,130

-4.3% /
-2.0% /
-0.8%
-8.6% /
-4.1% /
-1.6%
-25.9% /
-12.2% /
-4.8%

-2,805

-5,611

-16,833

-4.2% /
-2.3% /
-1.4%
-8.3% /
-4.5% /
-2.7%
-24.9% /
-13.5% /
-8.2%

-14,730

-29,459

-88,377

-4.0% /
-2.4% /
-1.7%
-8.0% /
-4.8% /
-3.4%
-23.9% /
-14.5% /
-10.2%

Share of target accidents inside ODD / of all motorway/urban accidents / of all road accidents.

The summary of safety effects of automated vehicles per mechanism is presented in Table
4.12 (more detailed explanations can be found in Annex 1.6). Based on the analysis the
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automated vehicles are estimated to have a direct positive effect on safety. However, the
indirect effects are estimated to be both negative and positive.
Table 4.12: Summary of safety effects of AVs per mechanism. Positive effect refers to
decrease in number of accidents and negative effect refers to increase in number of
accidents.
Mechanism

Direction of effect
(positive / negative)

Size of effect
(small / medium / large)

M1: Direct modification of the
driving task, drive behaviour or
travel experience

Positive (simulations)
& Negative (MRM related)
Total: Effect on safety is
estimated to be positive

Medium

M2: Direct influence by physical
and/or digital infrastructure

–

–

M3: Indirect modification of AV user
behaviour (e.g. driving outside ODD
in non-AD mode)

Negative

Small

M4: Indirect modification of nonuser behaviour

Positive

Depends on the penetration
rate (small)

M5: Modification of interaction
between AVs and other road-users

–

–

M6: Modification of exposure /
amount of travel

Negative

Medium with low penetration
rates (1.4%–1.9% increase in
VKT estimated with 30%
penetration rate on
motorways)

M7: Modification of modal choice

Negative

Medium

M8: Modification of route choice

Positive

Medium

M9: Modification of consequences
due to different vehicle design

–

–

It is important to note that some additional indirect safety effects (not covered in the safety
impact assessment calculations) can be obtained by ADF vehicles since AEB (incl. FCW) will
be enabled also when the automated vehicles are outside ODD. In addition to the AEB, the
ADF sensor setup potentially enables the use of some additional key active safety systems
such as Adaptive Cruise Control (ACC) and Lane Keeping Assist (LKA), potentially also
including Lane Departure Warning (LDW).
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4.3.4 Qualitative Analysis with STAMP
While estimating the safety effects of ADFs in terms of expected changes in propertydamage only and injury crash risks as well as changes in the number of injured car
occupants by severity level depending on ADF penetration rates, a few assumptions are
explicitly or implicitly made. One assumption is that the mature ADF works perfectly in all
circumstances within the defined ODDs, and notably that the driver interacts with automation
as expected in the conditions of use. One question that could be raised is:
1. To what extent is (are) the determined effect(s) due to the underlying assumptions?
Although the design, verification, validation, regulation and type approval of ADFs receives
significant attention, the technology might also be fallible even though it is expected to be at
least as good as a human driver (Fabio et al. 2017). Therefore, three additional questions
can be raised:
2. What are the effective mechanisms that could lead to an overall reduction in crash
and injury risks with ADFs?
3. How can the magnitude of the reduction be explained? and
4. Are we capable, via the the L3Pilot pilot tests (see L3Pilot Deliverable 6.5), of
identifying design issues that would help increase the level of safety of ADFs?
The L3Pilot prototype vehicles cannot be expected to be fully market-ready, and we should
take the opportunity of pilots to investigate safety related issues further, even though they
were given extensive attention during the design phase of the ADF.

4.3.4.1 STAMP Approach
Answering the four questions stated above requires a conceptual approach, a method and a
tool. As far as safety is concerned, resorting to a so-called “accident model” (i.e. an
explanatory conceptual model of accident mechanisms) is necessary since it is supposed to
bring insights with a formal structure into how accidents occur, how they should be analysed
and how they can be prevented or mitigated.
The general approach we have selected for the qualitative safety impact assessment is
STAMP (Systems-Theoretic Accident Model and Processes), an accident causality model
based on control theory and systems theory (Leveson, 2011). STAMP integrates into
engineering safety analysis causal factors such as software, human factors, new
technologies, social and organization structures, and safety culture. It is designed to address
complex systems.
The method, STPA (Systems-Theoretic Process Analysis) is the hazard operational analysis
technique associated to STAMP (Leveson and Thomas, 2013, 2018). There are also digital
tools available and used by the STAMP scientific community but the STPA technique
described below is, to a certain extent, sufficient in this context (Figure 4.20).
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Ultimately, STPA proposes to identify safety requirements that are essential to meet in the
design, development and validation of a safe system. We therefore assume that the
elucidation of these safety requirements is the foundation for answering the four
aforementioned questions by knowing what these requirements are, which requirements are
effectively met, which requirements are easy or difficult to meet, which requirements are
impossible to meet, which requirements are still to be investigated, which requirements are
still unknown, etc.

Figure 4.20: STPA Process adapted to automated safety requirements elucidation (adapted
from Alvarez, 2017).
At first, accidents, hazards and safety constraints must be clearly defined. An example drawn
from Alvarez for vehicle automation is given in Table 4.13.
Table 4.13: Accidents, hazards and constraints (Alvarez, 2017).
Accidents

Hazards

Constraints

ACC-1: People die or get
injured due to a vehicle
collision.

H-1: The vehicle violates the
safety distance to other road
users or objects on the road.

SC-1: The control structure
must prevent the vehicle from
violating the safety distance to
road users or objects on the
road

ACC-2: Property damage due
to a vehicle collision.

H-2: The vehicle leaves the
roadway.

SC-2: The control structure
must prevent the vehicle from
leaving the roadway

Once the definitions of accidents / hazards / constraints are made, a control structure of the
whole system must be described (including relationships, i.e. control actions and information
feedback, between all components (or “controllers”) of the system). The next step consists of
identifying potential unsafe actions from one component to another. This is an important step
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since what we are searching for are just mirrors of the unsafe control actions. STPA supports
the identification of unsafe control actions. An example with application to automated driving
is shown in Table 4.14 (Alvarez, 2017).
Table 4.14: Examples of unsafe control actions identified for the human driver controller
(Alvarez, 2017).
Control Action
(CA)

Not providing
the CA causes a
hazard

Providing the
CA causes a
hazard

Provide control of
the vehicle

UCA-23: Driver
does not provide
control of the
vehicle after the
validation of a
takeover request

UCA-1: Driver
provides
inadequate
control of the
vehicle during
manual driving

Providing the
CA too early/too
late/ in the
wrong order
causes a hazard

Release control
of the vehicle

Validate takeover
request

Stopping the CA
too
soon/applying
the CA too late
causes a hazard

UCA-11: Driver
releases control
of the vehicle too
soon before the
ADF is engaged
UCA-18: Driver
does not validate
takeover request
when automation
sends the request

UCA-19: Driver
validates
takeover request
and
puts the vehicle
in an unsafe
situation

For L3Pilot purposes, we re-examined 80 initial safety requirements proposed by Alvarez, indepth and one by one, and we refined them, in the light of lessons learned ever since the
Alvarez study was conducted, and also in the light of the ADFs and experimental designs in
L3Pilot. The following tables show an excerpt of the 63 safety requirements we ended up
with. We classified them into homogenous groups to make them more readable. The whole
picture of requirements is given in the Annex 1.7.1.3.
Technology related safety requirements (sensors and actuators)
The vehicle sensors that take measures on ADF conditions and the traffic environment must have
an adequate operation (including delay and accuracy)
The actuators and commands to implement ADF engagement validation must have an adequate
operation

Technology related safety requirements (algorithms)
Automation must have an adequate model of ADF conditions status (i.e. knows perfectly the values
of the parameters of the ODD)
Automation’s control algorithm must not generate ADF availability notification when the ADF
conditions are not met
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HMI related safety requirements
The HMI must provide adequate feedback to the driver on ADF availability notification and takeoverrequests
The HMI commands must have an adequate operation and there must be an adequate
communication between the HMI and automation

Driver related safety requirements
The mental model of the driver must include the procedures and knowledge necessary to
understand and react to the feedback provided by the HMI
The driver must value being receptive to the feedback provided by the HMI
The driver must be able to perceive and detect the aspects that make it inappropriate to engage the
ADF

Procedures related safety requirements
The takeover procedures must enable the driver to perceive the traffic environment and gain
situation awareness before the validation of the takeover request
The takeover procedures must ensure the driver is capable of responding to a TOR

4.3.4.2 Findings of the STAMP approach
We present below the answers to the sub-research questions that the qualitative analysis,
based on the STAMP approach and the STPA technique (addressing all 63 requirements),
was able to deliver. To a certain extent, it might appear restricted, but it should be taken as
an exploratory path to explore how the quantitative evaluation of the a priori safety benefits of
ADF could be complemented with explanatory aspects.
1. To what extent is(are) the calculated expected reduction(s) due to the underlying
assumptions (in the simulations)?
All simulations implicitly considered that the safety requirements were fulfilled, but to a
certain extent the “MRM” and “wrong activation” scenario simulations took into account some
kind of “error” of the driver: absence, late or bad reaction, or wrong action. MRM is now
regulated in the ALKS regulation (UN ECE 2021) and designed for that kind of “error” or late
response by the driver and ADF is also overall designed to avoid as much as possible wrong
activations or, more generally, wrong use or misuse.
The fact that almost all safety requirements are implicitly fulfilled in simulations does not
come as a surprise as this is often the case in simulations (also for the impact assessment of
ADAS) where technology is supposed to work perfectly as designed, verified, and validated.
From the technology viewpoint, this makes sense. It is highly likely that the ADFs will not be
commercialized if the functional safety (see ISO 26262) and the safety of the intended
functionality (see ISO 21448) are not at their highest level. The continuous tremendous
efforts in simulations and verification/validation procedures of ADFs for a decade attest to the
awareness of the car makers, suppliers and regulation bodies that the crucial issue in
automated driving is the capacity of the technology to address all driving situations, including
rare ones (“edge cases”). Given the great diversity and number of driving situations, the
challenge is ambitious. Considering that the technology might have a very low probability of
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failure, this might therefore be acceptable. Likewise, it is also acceptable to consider that, if
the technology fails, a fallback is applied to reduce the likelihood of a crash. One other
aspect in the simulation related assumptions is that the ODD is perfectly defined in all its
detailed dimensions and that the ADF has the capacity to measure all dimensions, including
their limits.
From the human behaviour viewpoint, the assumption of perfection-of-knowledge on how the
function works, perfection-of-use of the function, especially in demanding situations such as
short takeover-requests or MRMs, might be more questionable. Questions of calibrated
mental models and trust are heavily addressed in current research (Mahdi et al., 2019).
L3Pilot certainly contributes to prediction of how drivers would use the system in real-world
conditions, but to a large extent this is not really known as of yet. Questions regarding hypovigilance, drowsiness, situation awareness and reaction time during takeovers in real-traffic
or after long automated trips are still to be answered. For the sake of simulations, given the
current state of the art, it would be difficult or even impossible to take unknown or not
sufficiently known driver reactions into consideration. It is therefore acceptable to assume a
correct drivers’ interaction with the ADF in the simulations.
It should be kept in mind here that simulations and scaling-up obviously need assumptions.
The question is therefore: to what extent are they reasonable and what consequences do
they have on quantitative results? From the qualitative assessment point of view, the answer
is that they are reasonable and that the current state of the art of safety impact assessment
of ADF has been substantially extended in L3Pilot.
The added value of the STAMP approach here is that it helped in making the implicit
assumptions explicit. The 63 macroscopic safety requirements make it clear what
assumptions were implicitly considered when simply mentioning that the function works well
according to its description in the mature function definition, and the driver interacts well with
the function.
Some safety requirements are rather obvious and general such as “The vehicle sensors that
detect the ADF conditions and the traffic environment must have an adequate operation
(including delay and accuracy)”. Some others such as “The driver must value being receptive
to the feedback provided by the HMI” are probably less obvious and deserve to be reported
here.
2. What are the effective mechanisms leading to an overall reduction in crash and injury
risks thanks to automation?
Outcomes of simulations and scaling-up, considering both change in crash risk for each
driving scenario and change in frequencies of driving scenarios, clearly show a reduction of
overall injury and fatal crashes on motorway ODDs for the mature function specified in the
simulations, but not for conflicts with vulnerable road-users. Noticeably crash reductions are
higher for rear-end scenarios and end of traffic jam conflicts. Clearly, assuming that lower
speeds, lower speed variances, and longer time headways are more likely to be associated
with automated driving and with a lower crash risk, the results are in line with expectations.
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Again, these results are conditioned, in their magnitude, to the assumptions regarding
mature functions, driver models and to other simulation assumptions, but they also look
reasonable according to what crash-causation issues automation is expected to address.
Behind lower speeds and longer time headways is technology design (perception and
decision algorithms). The safety requirements again give some explicit insights into how
technology should lead to safe driving.
While these accident types (e.g. rear-end conflicts) are extensively correlated to speed and
safety distance managed by technology, it is expected that driver related and manufacture
related requirements are more predominant in situations such as take over request, which
could occur at an ending lane, road works, the end of ODD or sudden unexpected failure.
3. How do we explain the magnitude of the reduction?
This question was raised initially to investigate whether the qualitative assessment could help
in this matter, in addition to the quantitative assessment. In fact, it is able to provide hardly
any explanation. Magnitude of reduction is more explained by changes in risks within driving
scenarios and frequencies across scenarios than through qualitative analysis.
4. Are we capable, via the pilots, to identify, underline or highlight remaining design
issues that would help increase the level of safety of ADFs?
This is a difficult question, since L3Pilot has not been designed to verify or validate the
design and safety of piloted automated functions, which were intended to be technically
validated before L3Pilot started. The project’s focus was on collecting data for user
acceptance assessment and impact assessment purposes. In addition, technical assessment
involves highlighting assessment on traffic aspects more than performance and reliability of
ADFs. Therefore, getting feedback from the pilots for improving the design of the functions
was not the objective of the project, and the safety impact assessment addressed mature
functions.
Notwithstanding, the pilots were all conducted with prototypes or Wizard of Oz cars and not
with close-to-series-production vehicles. This can be considered as an opportunity to
emphasize some aspects regarding safety in the current situation, where L3 passenger cars
are not yet on the market and are still in development phase for most car manufacturers.
L3Pilot could be a chance to elaborate some pending issues.
Technology safety requirements are closely linked to functional safety and safety of the
intended functionality. These are confidential areas for each car manufacturer. As no
benchmark between pilot sites or manufacturers is one fundamental principle of L3Pilot, it
was not possible to investigate further design issues related to technology itself (with respect
to either perception or algorithms). On the other hand, it was possible to further investigate
driver related requirements or general requirements that could contribute to increasing the
safety of ADFs.
We therefore set up a series of interviews with participants, safety drivers and investigators
(psychologists) at one pilot site only (for the sake of simplicity and because of time
constraints and confidentiality reasons). We shared with them the safety requirements, with
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the objective being to identify which safety concerns could be further investigated. On the
other hand, they shared with us their experience in running such a pilot and their subsequent
propositions for engineering a safer world (through the design and deployment of AVs). We
primarily came up with two types of propositions: 1) avoid motives for rejection of ADFs and
2) improve proper usage of the ADFs. Motives for rejection (and therefore less usage and
less safety) and improper usage that should be tackled are according to the conducted
interviews:
1. Inconsistency between what the driver sees and what the driver feels the vehicle sees. In
L3 vehicles, and as also confirmed in the pilot questionnaires, the driver tends to look
outside the cockpit and monitor what the vehicle is doing compared to the surrounding
traffic. If the vehicle does not behave the way the driver expects it to, it might decrease
the driver’s trust in the capacity of the system to detect hazards and react appropriately.
Drivers tend to expect the vehicle to behave like a human being, or at least like
themselves. There is therefore a need to adapt vehicle behaviour to driver’s expectations
or to adapt driver trust to vehicle behaviour.
2. A vehicle obeying traffic rules too strictly or being too cautious might lead to discomfort.
This is for example the case in seemingly long lane changes or in absence of lane
change when the vehicle is following a Heavy-Duty Vehicle at low speed. Combining
perception of safety and comfort is an issue.
3. ODD fragmentation reduces the value. The longer a trip can be in automated mode, the
better. The fewer takeover-requests the better, since each takeover leads to an
interruption of the non-driving tasks and requires time. Both aspects can lead to the
rejection of the ADF.
Improvement for proper usage of the system according to the interviewed participants:
•

An AV should be visible and recognizable as an automated vehicle. This was
controversial a few years back, especially because of the tendency of some manually
driven car drivers to test the performance of automated vehicles by cutting-in or
overtaking, but it is less and less a controversy. Participants and safety drivers stated that
this would improve safety, as an AV does not behave like a conventional car and should
be recognizable as “different” to offer the surrounding traffic the chance to react
appropriately to the ADF.

•

HMI plays a crucial role (understandability, recognizing ADF status etc.) in drivers’
cognitive and active interactions with ADF. It was not possible to analyse this topic in
L3Pilot since HMIs were not fully completed and more resemble prototypes than fully
elaborated ones, and no benchmarks or comparisons should be made between brands.
This topic of course has received a lot of attention from car manufacturers and research
communities, and will garner even more attention in further projects. Proper and safe use
of ADFs depends extensively on understandability, transparency, and usability of the
HMI.
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•

Driver education is demanded by the interviewed participants, and safety drivers
highlighted the need to educate potential users before use of systems. It seems obvious
that declarative and procedural knowledge should be transmitted (and possibly
certified/evaluated) before use to get a calibrated correct mental model for trust.
However, contents, duration, time, used medium, and target population of the training is
still under debate. The extent to which (what type of) education must go in addition to
information is being studied by public authorities in conjunction with the industry.

•

L3Pilot project naturally did not allow for the study of “stressful” driving situations and
edge cases because of the experimental conditions, which were focused on safety.
Safety drivers took over whenever needed, sometimes far ahead of possible conflicts.
More research on open roads, in addition to simulator studies, are needed here. One
basic principle of driver education regarding technologies stipulates that drivers should be
aware of the ADF’s limits and of the true operational domain of the function (Beggiato et
al., 2015).

In any case, subsequent projects are encouraged to supplement the traditional quantitative
approach with a more qualitative one highlighting what mechanism leads to reduction in
crashes and what new crashes could be due to automation.

4.4 Discussion and Conclusion
4.4.1 General discussion and conclusions
The detailed results of the safety impact assessment have been presented in the previous
sections and in Annex 1. Finally, the research questions that were defined at the beginning of
the project are answered based on these results in Table 4.15.
Table 4.15: Findings related to the L3Pilot research questions.
L3Pilot research questions

Findings

A. What is the impact of ADF
on number of accidents in
EU27+3?

Overall, automated driving is capable of reducing the number of
injury accidents. For the motorway ADF, the reduction of all road
accidents might not appear to be large (0.1%–1.2%, depending
on the penetration rate and accident severity, see Table 4.9).
However, considering the already high safety status of
motorways, the reduction potential is large both on motorways in
general (2.0%–19.0%) and within the ODD (3.8%–27.6%). For
the urban environment, the reduction of all road accidents is
larger than for motorways (0.8%–10.2% reduction in urban
environment, depending on penetration rate and accident
severity, see Table 4.10).
The parking ADF has a large (0.9%-7.0% depending on
penetration rate in use and effectiveness) reduction potential
considering the number of property damage accidents. Although
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L3Pilot research questions

Findings
based on German insurance data a similar impact of parking
ADF on property damages can be assumed in EU27+3.

a. What is the impact of
ADF on the number of
accidents in a certain
driving scenario?

A positive effect in terms of reduction of accidents is determined
for most of the analysed scenarios. For the motorway ADF, an
increase of accidents was detected in the MRM scenario and a
minor one in the wrong activation scenario. For the lane change
conflict and the VRU scenario the results are not consistent. For
the urban environment, a reduction in accidents was expected
for all scenarios.
For the parking ADF, a minor reduction in insurance collision
claims was expected for the home zone scenario and a major
one for the public scenario.

b. What is the impact of
ADF on the number of
accidents involving other
road-users such as
pedestrians and bikers?

For the motorway ADF, the collision rate in the VRU scenario is
only affected slightly. There is slight increase determined in the
10% penetration rate scenario, whereas for the 5% and 30%
scenario a decrease is detected. This inconsistency may be due
to the stochastics in the simulation, and calls for further
research. It must be considered that the implemented ADF
reacts only once the VRU is in the driving lane. Due to the speed
on the motorway, the options to avoid the collision are limited.
For the urban environment, there is a significant reduction in
accidents involving pedestrians and in those involving cyclists.
Due to the very low number of parking accidents involving
pedestrians and bikers, a significant reduction of those accidents
through the use of parking ADF is not to be expected.

B. What is the impact of ADF on accidents with a certain injury levels / damage in a certain driving
scenario?
a. What is the impact of
ADF on accidents with
fatal injuries in a certain
driving scenario?

Overall, on the motorway the number of fatal accidents is
reduced by 2.0% (5% penetration rate), 4.2% (10% penetration
rate) and 13.1% (30% penetration rate). In relation to the target
accidents of the ODD this is equivalent to 3.8%, 7.9% and
25.1%. In the urban environment, the corresponding estimates
were 2.0%, 4.1% and 12.2%, and 4.3%, 8.6% and 25.9%.
Due to the very low number of parking accidents involving fatal,
serious or slight injuries, a significant decrease in these
accidents is not to be expected in the “home zone” scenario, nor
in the “public” scenario.

b. What is the impact of
ADF on accidents with

Overall, on the motorway the number of accidents with serious
injuries is reduced by 2.3% (5% penetration rate), 5.1% (10%
penetration rate) and 15.2% (30% penetration rate). In relation
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L3Pilot research questions

c.

Findings

serious injuries in a
certain driving scenario?

to the target accident of the ODD, this is equivalent to 4.0%,
8.8% and 26.3%. The proportion of all injury accidents with
serious injuries decreased for cut-in conflict (rear-end) and
motorway entrance passing but increased slightly for most
others (mostly due to shift from fatal accidents). In the urban
environment, the corresponding estimates were 2.3%, 4.5% and
13.5%, and 4.2%, 8.2% and 24.9%.

What is the impact of
ADF on accidents with
slight injuries in a certain
driving scenario?

Overall, on the motorway the number of accidents with slight
injuries is reduced by 2.9% (5% penetration rate), 6.3% (10%
penetration rate) and 19.0% (30% penetration rate). In relation
to the target accident of the ODD this is equivalent to 4.2%,
9.2% and 27.6%. In the urban environment, the corresponding
estimates were 2.4%, 4.8% and 14.5%, and 4.0%, 8.0% and
23.9%.

d. What is the impact of
ADF on accidents with
material damages in a
certain driving scenario?

Accidents with material damage only were not scaled up. For the
motorway, an increase of material damage cost is detected in
the MRM and lane change conflict scenarios. For the other
scenarios the collision is mitigated by the ADF in a way that the
material damage cost is lower or similar to those in the baseline.
The highest reduction can be achieved in the rear-end conflict
related scenarios (P1 and N6). Although this has not been
scaled up, a minor reduction in insurance collision claims with
material damages is expected for the “home zone” scenario
(0.1%-0.6%, depending on penetration rate in use and
effectiveness) and a major one for the “public” scenario (0.8%6.4%, depending on penetration rate in use and effectiveness).

e. What is the impact of
ADF on the rescue chain
in terms of preventing
injuries?

The analysed ADF is not expected to affect the rescue chain.
Therefore, no change is presumed for the rescue chain.

Both motorway and urban ADF have positive safety effects on road accidents with all
severities at all penetration rates. Both ADFs are estimated to be effective in reducing injury
accidents within ODD and within motorway/urban accidents. However, since motorways are
already relatively safe, especially in good weather conditions, the estimate on the share of all
prevented injury accidents within motorway accidents is relatively small even with the highest
simulated penetration rate.
The two clearly most common accident types on motorways were rear-end collisions
(n=20,527) and single vehicle accidents – leaving straight road (n=5,525). The simulated
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scenarios linked to the first accident type therefore dominated in the effect estimation. The
effect on the latter was based on expert assumption that ADFs have no run-off-road
accidents (within ODD of good weather conditions). It remains to be seen how well these
results and assumptions will reflect the reality. The most common accident types in urban
environment were rear-end collisions (n=59,061) and accidents in crossing or turning (of type
“other”) (n=51,621 with cyclists and 55,943 with other vehicles). Several scenarios were
simulated for these accident types.
The number of target accidents was significantly higher for the urban ODD than for the
motorway ODD. The proportion of prevented accidents was also larger in urban
environments than on motorways. Hence, the number of prevented accidents was large in
the urban environment. Additionally, the definition of accidents occurring within ODD was
more reliable on motorways than for urban accidents. Also, the missing pieces of information
in motorway accident records were easier to supplement for motorway accidents with more
reliable sources than for urban accidents.
Those traffic scenarios in which most VKT is driven include smallest traffic volumes on twolane motorways with 130 and 120 km/h speed limit. As the traffic scenario simulations for
safety did not include the highest traffic volumes, it is possible that some of the phenomena
occurring in congested conditions are not reflected in the driving scenario frequency results.
In addition, the simulation results on the frequency of driving scenarios on motorways were
not considered fully reliable, since not all results were in line with pilot results reported in
L3Pilot deliverable D7.3 (see Annex 1.3.2.3). It is not clear what caused the differences.
Therefore, future research is recommended on this topic. The frequency changes could not
be assessed for urban environment.
The assessment based on already existing accident types on motorways is likely more
reliable than the assessment of the new accidents without corresponding accident causation
mechanisms today (MRM and wrong activation), as the frequency of such events is difficult
to estimate. In addition to MRM and wrong activation, there may also be other new factors
leading to additional accidents (such as sudden errors of localisation or sensor failures), or
the carry-over of trust from ADF to ADAS functions resulting in crashes (due to
overestimation of ADAS performance). In the present study, the ADF was assumed to work
without failures, and no changes in driver behavior in other driving scenarios (e.g., with
ADAS) were considered (which might not be fully realistic).
It must be noted that some additional indirect safety effects (not covered in the above
calculations) can also be obtained. First, indirect impacts of additional benefits of the sensors
during assisted manual drive may be significant when compared to the direct impact during
the automated drive. In addition to the AEB, the ADF sensor setup potentially enables the
use of some additional key active safety systems. Furthermore, automated driving is likely to
increase distances travelled by car, and travelers are also more likely to use cars instead of
other modes (public transport and active travel). Even though these changes may be rather
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small, the effect on the number of road accidents may be substantial since these changes
affect all the accident types and not only the ones targeted by ADFs.

4.4.2 Limitations of safety impact assessment
The simulations and analyses for the safety impact assessment on the motorway and urban
environment have been carried out using the best available knowledge, tools and data of the
involved partners. However, certain limitations must be borne in mind when referring to and
interpreting the results. In the following, the most important aspects and the related
limitations of simulation are briefly described. More detailed explanations and more
limitations are available in Annexes 1.3.3, 1.4.3, 1.5.3 and 1.6.3.
-

Mature L3Pilot ADF: The provided results are only valid for the simulated mature
L3Pilot ADF, which simplifies certain technical aspects of a real ADF. The mature
L3Pilot ADF is only an approximation of a real ADF and does not represent any
particular implementation in L3Pilot.

-

Timing of the assessment: The work in the safety impact assessment was affected
by Covid-19 related delays in the project. The main consequence of this for the safety
impact assessment were: 1) There were only limited possibilities to react to issues in
simulation. Reactions resulted in application of higher simulation resources compared
to the planning. 2) For parameterization of the simulation and scenarios, it was not
possible to use the pilot data to as great an extent as planned. Instead, assumptions
based on other data sources had to be made. In conclusion, the authors expect that a
longer time for the evaluation of the pilot data before start of the simulations for the
safety impact assessment would have been beneficial for the quality of the analysis.

-

Simulation effort for traffic simulation: The very high penetration rates of the ADF
caused some technical issues in the Monte-Carlo traffic simulation based assessment
on the motorway in terms of a very high time effort. A reduction of the number of
simulations to cope with the simulation efforts would have reduced the
meaningfulness of the results. Therefore, the simulation of the theoretic treatment
condition 5 with 100% penetration rate of ADF had to be skipped.
For urban automated driving, assessment of the change in frequency of crashrelevant situations was considered. However, results achieved did not deliver
plausible results with a state-of-the-art tool. Producing valid results on the change in
frequency requires adapted driver models to cover crash-causation and -avoidance
mechanisms, which are not explored entirely. Further research needs to be
conducted to cover these aspects in the future. Also, the effort for simulation needs to
be increased.

-

Input data: The L3Pilot pilot database included pre-defined indicators per recorded
driving situation. Thus, there have been no time series data available for the safety
impact assessment. This limits the possibility of parameterizing and validating the
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simulations in the safety impact assessment. Instead, for the simulations, other data
sources outside L3Pilot had to be utilized.
-

Driver Model: In the counterfactual simulation, no driver response models, nor
everyday driving models, were included. For the Monte-Carlo based traffic simulation
the SCM driver model is a key component, since it defines the behavior of the egovehicle in the baseline simulations and the behavior of the other traffic participants in
the treatment and baseline simulations. However, since the behavior of human
drivers is complex, varies extensively and is still not fully understood, the model can
only approximate this behavior. This means that the behavior of the SCM model will
only represent the behavior of real drivers to a certain extent. Also, the development
and any validation of driver models have been done using other data sources than
L3Pilot.
For urban safety impact assessment, a driver model has been used that has a
scenario dependent reaction time as well as a reaction intensity based on the
criticality of the situation. As the driver reaction in the scenario is always to brake, the
driver reaction represents a simplification of possible driver reactions, especially at
intersections. In addition, the manual drivers never exceeded the speed limit, which
does not reflect real-life driving behavior.

-

Reduction of complexity in scenarios: To cope with the great variety in possible
urban driving scenarios, a simplification of possible parameters considered within
each driving scenario for the urban assessment had to be made. This meant that not
all factors that may influence the safety impact could be considered. Especially
variations in the road network could not be reproduced in detail. Furthermore, not all
potentially relevant factors, such as obstructions, could be represented in simulation.
Since the counterfactual simulation and the urban simulation did assess driving
scenario with different penetration rates, no statement with respect to potential
nonlinear effects related to ADF’s penetration rates are possible for these scenarios.

-

CARE database: There is no information on property damage accidents, and hence
only impacts on injury accidents were scaled-up within safety impact assessment.
Therefore, no scaling-up could be done for parking ADF, as they seldom lead to injury
accidents. Due to the missing values and unknown accident characteristics in the
CARE database, some supplementation was needed to exploit the data in our
scaling-up. Specifically, variables that were missing or of type “unknown” or “not
specified” were expected to be a random sample of all values of that variable. For
those variables per EU member state with more missing than reported values, the
deficiency was solved using an external source (often national accident statistics) to
assess the proportion of accidents per severity that belongs to each category (e.g. for
which the weather condition is outside ODD of mature ADF). If national statistics did
not provide insight for a certain deficiency, an estimate of the generic EU-wide value
was used. Naturally, the representativeness of these estimates is not perfect.
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-

Use of multiple sources for effect estimates: The scaled-up safety impacts were
combined based on results originating from safety simulations with different
approaches. In addition, simulations could not cover scenarios related to all target
accidents. Consequently, assumptions of the effects were needed to complete the
scaling-up.

-

Injury risk functions: The injury risk functions used in the study were quite generic.
That is, averages across vehicle models and within-scenarios were used, using
historic data. Changes of vehicle characteristics in future fleets have, for example, not
been taken into account (e.g., changes in in-crash protection systems, and materials
and masses of vehicles have not been taken into account; such vehicle
characteristics changes may have major impacts on the outcome of crashes, and are
not likely to have equal impacts across scenarios).

-

Insurance claims: First, the number of insurance claims is not equal to the number
of accidents. From an insurance perspective one accident can result in one claim or
two claims. This leads to an uncertainty related to the exact number of accidents.
Secondly, insurance databases contained several accident claims that occurred while
parking or maneuvering. However, due to incomplete accident claim descriptions it
was not always possible to determine whether the accident would have been
addressable by the parking ADF. In addition, there is also a lack of information on the
number of minor damages that are not reported to insurance companies. It can be
assumed that most of them happen during parking due to the low amount of damage.
Finally, there was no information on “new accidents” that might arise through usage
of parking ADF.

The qualitative safety impact assessment was conducted as a complement to the
quantitative approach. The STAMP process was selected as the currently best state-of-theart standard for qualitative safety assessment. This process has of course some limitations
that we report below:
- STPA and functional safety: At first glance STPA very much looks like a functional
safety method like HAZOP, HARA or FMEA, and would thus simply provide insights
into safe design of automated function and not into explanations of estimates of crash
reduction with ADFs. This is true to a certain extent, but we attempted to use them as
a tool to complement the quantitative analysis. It was of course not possible to
validate whether all safety requirements were fulfilled by the prototypes tested in
L3Pilot, first because they were prototypes and secondly because confidentiality
would not have permitted this. Subsequently, just a part of the safety requirements
was used to answer the fourth research question (design issues).
- Only one pilot site: Our investigations concerned only one pilot site, which is
restrictive. More sites would have been more informative and would have provided
more recommendations to avoid rejection and improve proper use and therefore
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increase safety. Once again, however, considerations of safety meant that it was not
possible to extend the analysis.
- Insights into new crashes: The identification of the control structure related to
automation and the in-depth analysis of each of the safety requirements could have
helped in identifying more clearly the potential for new types of crashes to happen.
We have not carried out this exercise in this project, but it could be applied in further
research.

4.4.3 Lessons learned
During the safety impact assessment, some aspects were identified for which solutions
should be considered in future assessments of this kind. These aspects are briefly discussed
in the following.
The usage of data that is generated in the project represents a time related challenge for the
safety impact assessment. It typically marks one of the last tasks in a project, but the project
needs to preserve sufficient time for it and the subsequent steps of socio-economic impact
assessment. This challenge was even exacerbated in this project due to the Covid-19
pandemic. Completely overcoming the issue will not be possible in any project. However,
mitigating the challenge by reusing data from previous projects can be one solution.
Furthermore, a strict management and review of the work packages’ status could avoid delay
in the project and in this way ensure an on-time delivery of the input data for the safety
impact assessment.
The format of input data needs to be considered as well. In L3Pilot, a database was set up to
provide the data from the pilot experiments for the different assessments. In terms of
transferring the data from the different pilot sites to the impact assessment partners, this
approach has been a good practice. Limitations for the safety impact assessment occurred
instead from the format of the database. Due to confidentiality reasons and the avoidance of
benchmarking between different ADFs in the pilot, it was not possible to share time series
data. This limits the utilization of the data for certain approaches in the safety impact
assessment. Therefore, in the future, further options for providing data should be evaluated
that allow for sharing time series data while maintaining equivalent levels of anonymization.
Furthermore, the indicators provided by the databases needed to be defined at an early
stage of the project to allow the implementation for the database. At this stage, the simulation
tool chains were not implemented and no pre-tests could be done. Thus, the definition of the
indicators had to be done purely on the basis of expert knowledge. This led to the situation
that not all indicators were in the end used and a few that would be required for the
simulation were not available. It is expected that with the experience from L3Pilot, this issue
could be overcome in future projects. It is also a plea for an early test of the entire tool chain
from data to scaling-up.
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Assessing the safety benefits of automated driving is a complex and demanding topic. The
exertions required to tackle the topic in an appropriate and detailed way are high. This
applies to the amount of scenarios considered as well as for the simulations itself. During the
simulations the tools reached their limits, which led to the fact that not all planned scenarios
could be investigated. Of course, the implementation can be improved, and more
computation power will be available in the future. However, a lesson learned is not to
underestimate the efforts – time- and computation-wise – that are required for such an
assessment. To facilitate the distribution of tasks and simulation work among different
partners, it would also be beneficial if the interfaces for simulation tools were more
standardized. This would ensure a quicker exchange of models (e.g., the model for the ADF)
between different simulation tools. The OpenDrive and OpenScenario standards represent
first steps, and this direction should be continued in future projects.
The impact assessment for the urban environment showed that there are still several
challenges to achieving precise estimations for the safety effects of automated driving.
Improvements for the models in this area – in particular for the turning scenario – are
required in the future.
Finally, there is also the issue that the availability of accident data – which are essential for
the scaling-up – are a factor limiting the derivation of the safety impact of technology on a
European level. The L3Pilot partners have access to numerous accident databases. In this
sense L3Pilot is in a good position. However, the work showed that in many cases
assumptions on distributions on “unknown” or “missing” data needed to be applied and, in
some cases, statistics from a single member state needed to be generalised for the whole
EU because the accident data on the European level do not provide all the needed details on
the accidents. The detailed accident databases on the other hand are limited to certain
regions and only available for the northern and western European countries. Improvements
in this area would support the work in terms of quality and precision of safety impact
assessments.
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5 Efficiency and Environmental impact assessment
5.1 Introduction
5.1.1 Objective and research questions
The main objective of the efficiency and environmental impact assessment was to assess the
potential impacts of mature Level 3 ADFs on travel times, delay, throughput, CO2 and energy
demand. In addition to examining the effects of motorway and urban ADFs in the simulated
traffic scenarios, the scaled-up impacts of motorway ADFs on EU27+3 countries were
estimated. This was achieved by use of representative traffic scenarios in terms of motorway
layout, speed limit and traffic volumes as well as considering the weather conditions in which
the ADF is able to operate.
The impacts arose from direct changes in driving behaviour with use of ADF. To allow for
efficient scaling-up using data on vehicle kilometres travelled (VKT) for Europe, indicators
were considered per VKT.
The efficiency and environmental impact assessment concerned the mature motorway and
urban ADFs. The traffic jam ADF was assessed together with the motorway ADF, as
separate scaling-up was not possible due to lack of available EU-wide data on traffic jams.
The parking ADF was excluded from the assessment due to the small influence of parking
manoeuvres on overall travel time and emissions.
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A summary of research questions is provided in Table 5.1 and Table 5.2 below.
Table 5.1: Research questions for transport network efficiency impact assessment.
RQ Level 3

Motorway ADF

Urban ADF

RQ-I3a: What is the
impact of the ADF on
throughput in a road
section or
intersection?

Changes in throughput on-line
sections and areas with on-ramps, offramps or weaving sections in the
simulated traffic scenarios.

Changes in the throughput of
intersections as well as the
waiting time at intersections.

RQ-I3b: What is the
impact of the ADF on
reliability of travel
time?

Indicators related to travel times and
average speeds and their standard
deviation.

Indicators related to average
speed and waiting time at
intersections.

RQ-I3c: What is the
impact of the ADF on
travel times?

Change in travel time and its standard
deviation; change in average delay
and its standard deviation.

Change in travel time and its
standard deviation; change in
waiting times and crossing times
at intersections as well as their
standard deviation.

RQ-I3d: What is the
impact of the ADF on
speed differences
between vehicles?

Speed differences between vehicles
will be studied as part of the research
questions regarding throughput and
travel times. Large speed differences
between vehicles cause
heterogeneous traffic flow.

Speed differences between
vehicles and VRUs will be
studied as part of the research
questions regarding throughput,
travel times and interaction
distances for VRUs.

RQ-I3e: What is the
impact of the ADF on
network capacity?

Qualitative assessment taking into
account changes in average time
headways, speeds and traffic
homogeneity.

Qualitative assessment taking
into account changes in average
time headway, encroachment
times, waiting and crossing times
as well as speeds.

Table 5.2: Research questions for environmental impact assessment.
RQ Level 3

Motorway and traffic jam
ADF

Urban ADF

RQ-I4a: What is the effect of
the ADF on fuel consumption?

Change in fuel consumption of
a pre-defined fleet composition

Change in fuel consumption of
a pre-defined fleet composition

RQ-I4b: What is the effect of
the ADF on energy demand?

Change in physical energy
demand

Change in physical energy
demand

RQ-I4c: What is the impact of
the ADF on CO2 emissions?

Change in CO2 emissions of a
pre-defined fleet composition

Change in CO2 emissions of a
pre-defined fleet composition
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5.1.2 Literature review
Traffic efficiency describes the capability of the road network to carry the traffic demand. It
can be described in terms of average speeds, travel times and throughput, which quantifies
the number of vehicles passing on a road section per unit of time. In addition, the reliability of
travel time in terms of travel time variation is of importance, as it describes how well the
travel time can be estimated. Emissions and energy consumption depend on vehicle
characteristics such as mass, dimensions, engine and tyres, the prevailing conditions and
driver behaviour, especially accelerations (Ferrara et al. 2018). The effect of aerodynamic
drag increases quadratically with the increase in speed and is considerably large at
motorway speeds. Driving speed therefore has a large influence on the energy demand and
emissions. Traffic efficiency and emissions are related to a certain extent, as both benefit
from a decrease in variance of speeds and accelerations. However, conflicts also exist: while
efficiency is highest with lower travel times at high average speeds, energy consumption is
lower at moderate speeds.
Automated driving functions have the potential to smoothen traffic flow by introducing more
stable driving behaviour compared to human drivers. Generally, AV driving behaviour is
expected to be more conservative compared to human drivers, leading to longer time
headways and smaller acceleration and deceleration values (Mattas et al. 2018). Further,
AVs are expected to adhere to the speed limit. Lower and more steady driving speeds are
expected to reduce emissions and fuel consumption. As L3 or L4 vehicles are not yet
commonly present on the real road network, most research on the impacts of AVs on
network efficiency and the environment is based on simulation studies and field tests with
adaptive cruise control (ACC). It is expected that the longitudinal driving behaviour of L3 Avs
will be similar to that of ACC (Li et al. 2021), and indications of ADF impacts on longitudinal
driving can thus be inferred from those studies. The existing literature studies provide a
variety of results depending to a large extent on the assumptions made and the driving
behaviour models used in their simulations (Calvert et al. 2017, Do et al. 2019).
Most studies assume time headways (THWs) considerably shorter than the mature L3Pilot
ADF. Further, although AV impacts have received attention in research, most results are
related to connected automated driving. The most common indicator of interest is throughput.
In addition, most studies simulated a limited number of networks in terms of speed limits and
traffic volumes.
Traffic simulation studies suggest that low-level AVs in mixed traffic will initially have a small
negative effect on traffic flow and road capacity, and improvements for traffic flow may only
be seen at ADF penetration rates above 70% (Calvert, Schakel and van Lint, 2017), if at all.
James et al. (2019) found small increases in throughput at penetration rates up to 50% and
decreases beyond. With larger, empirical THWs, throughput has been found to be severely
compromised already at low penetration rates. Shang and Stern (2021) used simulations to
study throughput with a theoretical ACC system using parameters from literature to
investigate theoretical capability, as well as with calibration data from drives with
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commercially available ACC vehicles. They found an increase in throughput of 7% with ACC
time gap 1.5s (theoretical controller) and decreases in throughput of 21%, 35%, and 28%
with ACC time gaps of 1.0s, 2.2s, and 1.9s respectively (calibrated ACC controller). Mattas et
al. (2018) found a significant decrease in average speeds with increased penetration rate
(THW 1.6s).
Two relevant studies were found on emissions impacts of AVs with THWs comparable to the
mature L3Pilot ADF. Stogios et al. (2019) simulated an urban expressway (assumed speed
limit 100km/h) with AVs adopting cautious driving using a THW of 2.1s. They found an
increase in CO2 emissions of 35% in high traffic conditions at 100% penetration rate. Mattas
et al. (2018) simulated traffic on an urban ring road (assumed speed limit 80 km/h) with AVs
keeping THWs of 1.6s. They found an increase in CO2 emissions of 2–6% in medium and
high traffic conditions and a 2% decrease in low traffic demand conditions, with penetration
rates 60% and above. No change in emissions was found at low penetration rates (up to
40%).
Lateral driving behaviour has been studied less, and current driver models have limitations in
modelling lane changes by human drivers (He et al. 2019). Therefore, the impacts of lane
changes are not well known, although they cause disruptions to the traffic flow.

5.2 Method
5.2.1 General approach
The method for efficiency and environmental impact assessment was presented in L3Pilot
Deliverable D3.4 Evaluation Plan by Innamaa et al. (2020). This chapter complements the
methodology by adding details that were not defined when D3.4 was published.
Impacts of the motorway ADF were studied in more detail than impacts of the urban ADF.
The same approach as for motorways could not be applied due to the complexity of the
urban networks and a lack of sufficient data available on the different road layouts – which
vary significantly more than do motorways – and traffic volumes. Impacts in both
environments were assessed based on traffic simulations. Motorway simulations covered a
large proportion of different motorway layouts in Europe with several traffic volumes. The
urban ADF was studied on a more general level using two examples of urban road networks.
A snapshot approach was selected for scaling up the motorway results, meaning that the
current situation was considered as baseline with only the addition of a L3 motorway ADF for
the treatment conditions with the penetration rates 5%, 10%, 30% and 100% among
passenger cars. Accordingly, the vehicle fleet considered in scaling up was otherwise the
same as at present. It was assumed that the applied statistics were valid across the area of
interest for scaling up, including EU27+3.
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5.2.2 Method for efficiency impact assessment
5.2.2.1 Simulation tool
Impacts on traffic flow efficiency were studied with traffic simulations using PTV VISSIM
(https://www.ptvgroup.com/en/solutions/products/ptv-vissim/), a microscopic traffic simulation
tool for modelling multimodal traffic. The software versions used in the motorway and urban
impact assessments were 2020 (SP 12) and 10.00 (SP 16), respectively.
VISSIM can be configured with parameters for both longitudinal and lateral driving behaviour.
The longitudinal behaviour was implemented by the Wiedemann 99 car-following model for
all vehicles with different parameter sets. These parameters include, among others, the
desired time headway and acceleration behaviour. Additionally, the desired speed for each
vehicle was determined by a desired speed distribution specific to the vehicle type and the
speed limit of the road.
The parameters for AVs were defined leaning on the mature function description and
available literature (Sukennik 2020). For motorways, stochasticity in driving behaviour meant
to simulate different driver characteristics was disabled for AVs. For human-driven passenger
cars and heavy-duty vehicles (HDV), parameters were chosen to conform to the German
Federal Highway Research Institute (BASt) recommendation (Geistefeldt et al., 2017) for
motorways. Desired speed distributions for manual passenger cars were set to the VISSIM
defaults, which were also recommended by BASt for the motorway environment, for the
corresponding speed limits. For AVs the desired speed was set to the speed limit of each
traffic scenario. Regarding HDVs, different maximum speed limits exist in different countries
across Europe. The HDV speed limits vary between 70 and 110 km/h, while the most
common limits are 80 and 90 km/h (European Commission 2021). Therefore, an average
value weighted with the total length of motorways per country was used to determine an
average desired speed of 86 km/h for HDVs. The desired speed distribution for the traffic
simulation was defined based on the 80 km/h and 90 km/h HDV desired speed distributions
provided in Geistefeldt et al. (2017).
The parameters used in simulations are shown in Table 5.3.
Table 5.3: Longitudinal driving behavior (Wiedemann 99) for manually driven cars (MV), ADF
driven cars (AV) and heavy-duty vehicles (HDV) or city buses.
Parameter

MV

AV

CC0: Standstill Distance (m)

1.50

2.00

CC1: Time Gap (s)

1.05

1.60

HDV
and
1.50
city
1.05
bus

CC2: Following Variation (m)

4.00

0.00

4.00

CC3: Threshold for Entering Follow. (s)

-8.00

-8.00

-8.00

CC4: Negative Following Thresh. (m/s)

-0.30

-0.10

-0.30

CC5: Positive Following Thresh. (m/s)

0.35

0.10

0.35

CC6: Speed Dep. of Oscillation (104 rad/s)

11.44

0.00

11.44
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Parameter

MV

AV

CC7: Oscillation Acceleration (m/s2)

0.25

0.10

CC8: Standstill Acceleration (m/s2)

3.50

3.50

HDV
and
0.25
city
2.50
bus

CC9: Acceleration at 80 km/h (m/s2)

1.50

1.50

1.00

5.2.2.2 Motorways
Traffic scenarios for simulations
To define representative traffic scenarios for simulations, the European motorway network
was analysed using OpenStreetMap (openstreetmap.org). All road types (in terms of speed
limit and number of lanes) representing 1% or more of the length of the EU27+3 motorway
network were included in the scenarios to be simulated. These types are listed in Table 5.4,
(and the complete table also including combinations representing less than 1% of motorway
length is provided in Annex 3.1). Speed limits indicated in miles per hour were rounded to the
nearest corresponding value in kilometres per hour. The analysis resulted in a total of 13
motorway types: eight on two-lane motorways, with the speed limits 80, 90, 100, 110, 120,
130 and 140 km/h and none, and five on three-lane motorways with the speed limits 100,
110, 120, 130 km/h and none.
Table 5.4: Motorway types by share of total length in the EU27+3 motorway network.
Speed limit

Number of lanes

Share (%)

120

2

23.46

130

2

23.14

100

2

8.00

none

2

7.63

130

3

6.01

110

2

5.90

120

3

4.16

none

3

3.67

110

3

3.63

140

2

2.52

100

3

2.30

80

2

2.13

90

2

1.42

Motorway sections with and without ramps were simulated separately to account for possible
traffic flow disruptions due to their presence. This, together with two different numbers of
lanes, led to four distinct configurations of roads, which were realised as separate VISSIM
networks: a configuration with one off- and one on-ramp on two- and three-lane motorways,
and similar line sections without ramps (Table 5.5).

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

132

Table 5.5: Motorway layout configurations
2 lanes

3 lanes

Line sections (without ramps)

speed limits: 80, 90, 100, 110,
120, 130, 140 km/h, none

speed limits: 100, 110, 120,
130 km/h, none

Motorway sections with an onand off-ramp

speed limits: 80, 90, 100, 110,
120, 130, 140 km/h, none

speed limits: 100, 110, 120,
130 km/h, none

The layout of the simulated sections independent of lane count had a “central part” either
with ramps present or absent (line section), as shown in Figure 5.1. These central parts were
preceded by a 2-kilometre road section and followed by a similar 2-kilometre section so that
relevant traffic phenomena would be able to develop during the simulation period.

Figure 5.1: Central parts of 3-lane VISSIM networks, with ramp sections (above) and a line
section (below). Note that both networks extend beyond the picture.
To define the typical length of the acceleration lane in Europe for the on-ramps to be used in
simulation, data was collected using Google Maps for different motorway types. This process
included two types of motorway layouts (two- and three-lane motorways) and eight speed
limits (80, 90, 100, 110, 120, 130, 140 km/h and none). Data from 360 ramps were collected
for estimation of the average length of the acceleration lane of motorways on-ramps per
speed limit. However, as the results showed no correlation between acceleration lane length
and speed limit (Spearman correlation 0.004, p < 0.946) the average length of 179 m was
used in all motorway simulations.
The impacts of the ADF were expected to differ according to the traffic flow status on the
road. Therefore, incoming traffic volumes were determined in increments of 500 vehicles per
hour per lane. The share of HDVs was determined as a function of the traffic volume after
empirically examining the HDV-% for seven countries (United Kingdom, Netherlands,
Germany, Norway, Portugal, France, and Slovenia). The shares used in the simulation are
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shown in Table 5.6 below. For simplicity, only personal vehicles and HDVs were considered
and simulated.
Table 5.6: Traffic flow scenarios used in the motorway simulations.
Two lanes per direction

Three lanes per direction

Traffic
volume
class

veh/h/
lane

veh/h/
direction

%
HDV

Traffic
volume
class

veh/h/
lane

veh/h/
direction

%
HDV

1

500
100
1000
1500
1500
1500
2000
2
2000
2500
2500

1000

11.8

1

1500

10.3

2000

9.4

2

3000

8.2

3000

8.2

3

4500

7.2

4000

7.5

4

6000

6.6

5000

6.6

5

500
100
1000
1500
1500
1500
2000
2
2000
2500
2500
5

7500

5.9

2
3
4
5

In total, 700 different traffic scenarios were simulated. These consisted of each combination
of five traffic volumes, five penetration rates (baseline and four treatment conditions), the
different speed limits and four road geometries, as outlined above. Twenty 30-minute
simulations were conducted per condition, totalling in 14,000 simulation runs, or
approximately 149 million VKT.
Key Performance Indicators (KPIs) for impacts
The KPIs were calculated as follows:
1. Travel time per VKT (seconds) by dividing the sum of the travel times of individual
vehicles in a single simulation with the sum of their VKT. Only vehicles that started
their journey from the beginning of the motorway section and completed it
successfully at the other end of the section were included in the measure (thus,
vehicles to and from ramps were not included).
2. Delay (seconds) by comparing each vehicle’s travel time in the simulation to a “free
flow travel time”, which was based on the speed limit. Delay was not allowed to be
negative as illegal actions (time saved through speeding) should not be considered
as a benefit (Carsten and Tate 2005). For roads with no speed limit, the
recommended speed of 130km/h (European Commission 2021) was used as the
basis for free flow travel time.
3. Throughput was considered in terms of throughput on a road section in relation to the
theoretical maximum, which comprises the sum of traffic volume per lane and – in
case of ramp sections – the flow to and from the ramps. When investigating
throughput, the maximum values are usually of interest, and therefore only the
highest traffic volume class is considered.
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5.2.2.3 Urban areas
Simulation setup
For the MV, AV and HDV (including buses) driver models, the same assumptions were made
as for motorways. Therefore, the parameters were set as in Table 5.3.
In addition to those classes of road-users, pedestrians and cyclists play a key role in urban
settings. Pedestrians were modelled as vehicles without longitudinal interaction. The setup of
the cyclist is oriented on the recommendations from the study (COWI 2013). No KPIs were
computed for the pedestrians and cyclists since their only purpose was to increase the
realism of the simulated network.
Scenarios for simulation
Due to the higher complexity and diversity of urban road networks compared to motorways,
an OpenStreetMap analysis did not result in any clear plan for how to set up a representative
set of urban road networks for the EU27+3. Therefore, the networks of two locations, which
were also present in the piloting, were chosen: a part of the city of Hamburg and a part of the
city of Wolfsburg. Figure 5.2 shows those networks. Both networks were created from
OpenStreetMap data, including roads with speed limits of 30km/h, 50km/h and 60km/h. The
traffic volume in complex urban networks cannot be defined by a single scalar as it can vary
depending on the lane and time in simulation and was therefore set in relation to the network
size.

Figure 5.2: Network of Hamburg (left) and Wolfsburg (right) used in simulation.
For the Hamburg network, data from traffic flow measurement stations (average daily traffic)
was available through Open Data Hamburg 2020. The distribution of workplaces, shops,
leisure activities and residency were analysed from census data and data available through
OpenStreetMap for all of the 25 statistical districts. Together with the distribution of purposes
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of travel (Follmer et al. 2019), which define the factors in the attractiveness score, an
attractiveness score was computed for each district:
𝑎𝑡𝑡𝑟𝑎𝑐𝑡𝑖𝑣𝑛𝑒𝑠𝑠 = 0.5 (0.29 𝑤𝑜𝑟𝑘𝑝𝑙𝑎𝑐𝑒𝑠 + 0.07 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 0.16 𝑠ℎ𝑜𝑝𝑠 + 0.5 𝑙𝑒𝑖𝑠𝑢𝑟𝑒)
+ 0.5 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑖𝑎𝑙
Combined with the traffic flow data of the roads leading in and out of the network (Open Data
Hamburg – DTV Hamburg, 2017) an origin destination matrix was set up, required for the
routing of vehicles within the network. Since the Hamburg network includes traffic lights, a
fixed phase time-based traffic light control scheme was implemented for each type of
intersection. For the Wolfsburg network, such detailed data was not available. Therefore,
static routing was selected, and the network inflow was set by expert estimation.
For both the Hamburg and Wolfsburg networks the traffic volumes varied accounting for low,
medium and high traffic volumes. With changing traffic volume, the routing decisions and the
distribution of the input volume to all roads remained constant. The share of cyclists,
pedestrians and buses was held constant throughout all conditions. Cyclists were set to 2%
of the total traffic volume and buses were set to 5%.
An overview of the conditions is given in Table 5.7. For each condition, the penetration rate
of AVs was set to 0%, 5%, 10%, 30% or 100%. One hundred 40-minute simulations were
conducted per condition, totalling 3000 simulation runs.
The KPIs were calculated as follows:
1. Travel time per VKT (seconds) by dividing the sum of the travel times of individual
vehicles with the sum of their VKT. In contrast to the motorway definition, vehicles
that had not yet completed their trip, were also included.
2. Delay (seconds) by comparing each vehicle’s travel time in the simulation to the
speed limit. Delay was clipped to the positive range as illegal actions (time saved
through speeding) should not be considered as benefit (Carsten and Tate 2005).
3. Throughput of intersections by counting the number of vehicles traveling through
each intersection for the entire simulation duration of the condition.
4. Mean speed difference in km/h by taking the average of the speed difference to the
lead-vehicle over the condition.
Table 5.7: Urban simulation configuration.
Network

Traffic levels

Traffic lights

Road km

Hamburg

low, medium, high

Yes

60

Wolfsburg

low, medium, high

No

12
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5.2.3 Method for environmental and energy impact assessment
The environmental and energy impact assessment used the outputs from the traffic efficiency
simulations explained in section 5.2.2. CO2 emissions were calculated with EnViVer (Eijk,
Ligterink and Inanc, 2014), which is an emissions modelling software that takes its input from
the vehicle speed profiles produced by VISSIM. It enables the estimation of emissions of
multiple traffic scenarios and comparison of the total exhaust emissions as a result of
changing traffic situations.
In order to create realistic traffic scenarios for traffic simulations and fleet profiles for
emissions calculations, data on the European vehicle fleet was needed. Two vehicle types
were considered: passenger cars and heavy vehicles. On motorways, the heavy vehicles
considered were heavy-duty vehicles, while in urban areas they were implemented as city
buses. For each vehicle type, one representative vehicle was assumed and implemented
with parameters representing the average vehicle in the EU27+3 countries. Data on the
average vehicle’s age, weight and drivetrain characteristics was gathered from several
sources.
In 2018, passenger cars in the EU were on average 10.8 years old, while HDVs (here
including medium and heavy commercial vehicles) were on average 12.4 years old and
buses 11.4 years old (ACEA 2019). Estimates of the average exit age of vehicles were only
found for Finland (21 years), the Netherlands (19 years) and Germany (18 years), and an
average of 19 years was assumed for EU27+3. The same value was assumed to apply also
to HDVs due to lack of data. For city buses, the value was adjusted to 20.5 years due to
requirements of the EnViVer software. Average passenger car, HDV and city bus mass,
frontal area and aerodynamic drag and rolling resistance coefficients were determined based
on literature (ICCT 2019). Data on the share of vehicles with different fuel types in the
passenger car and HDV fleet is based on data from ACEA (2019) and the European
Alternative Fuel Observatory (EAFO 2021). The share of electric buses in European cities
was estimated based on a report by the ZeEUS project (ZeEUS 2016), and the remaining
share of buses was assumed to run on diesel. PHEV were distributed to BEV and petrol
based on statistics of PHEV use (ACEA 2019, EAFO 2021). The CO2 intensity of electricity
for electric vehicles was not considered.
The vehicle specifications used in the emissions and energy calculations are shown in Table
5.8.
Table 5.8: Vehicle parameters used in emissions and energy calculations.

Vehicle age
Average age (years)
Share of age under 1
Average
exit age
year
Vehicle
dimensions
(years)

MVs and AVs

HDVs

City buses

10.8
5.3
19

12.4
5.4
19

11.4
4.9
20.5
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Mass (kg)
1400
2
Frontal area (m )
2.6
Aerodynamic drag
0.38
Rolling
resistance
0.015
coefficient
Vehicle
propulsion
/
fuel
type
shares
coefficient
Petrol
54.1%
Diesel
41.9%
LPG
2.9%
CNG
0.5%
Electric (BEV)
0.5%

27900
10.2
0.6
0.007

14000
7.8
0.6
0.007

1.7%
97.8%
0.5%

95.0%

5.0%

The fuel consumption of the vehicles was calculated based on the CO2 emissions, as these
indicators are directly related. The values used were (in kg CO2 per litre fuel): 2.29 for petrol,
2.66 for diesel and 1.51 for LPG (NRCAN 2021).
In order to capture changes in energy demand independently of the fuel type of vehicles, the
changes in physical energy demand with mature ADF were also investigated using the
equation below (Kühlwein 2016, Rösener et al. 2019). The acceleration term was set to zero
when decelerating.
𝐸456%74
= 𝐹./.%0 = 𝐹%,& + 𝐹&/00 + 𝐹%$$50 + 𝐹8&%4
𝑠

This change in physical energy demand of vehicles in the simulated traffic scenarios was
studied for pre-defined vehicle types (passenger cars and HDVs) with an energy-flow
simulation tool. The gradient was assumed to be zero.
5.2.4 Method to scale up impacts of the motorway ADF
Motorway results were scaled up to reflect the impacts on the EU27+3 level by calculating
the effects from the simulation step for each indicator per vehicle kilometre travelled (VKT)
and by applying them to a high-resolution estimate of VKT in each traffic scenario on
European motorways. The scaled-up impacts consider the traffic flow as a whole, including
automated and manually driven passenger cars and HDVs.
In practice, the scale up process involved several subtasks: first, the collection, organisation
and classification of as much historical traffic data as possible from a select period of
interest, and second the creation of an estimate of the VKT driven within the ODD with
sufficient geographical and temporal resolution. For the latter part, other types of information
needed to be obtained, such as geographical data, data on road infrastructure and historical
weather data. Finally, the acquired effects from the simulations were applied to achieve a
scaled-up estimate of the effects for each ADF penetration rate.
The approach for scaling up the impacts of the motorway ADF is shown in Figure 5.3.
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Figure 5.3: Efficiency and environment impact scaling up process for motorways.
Traffic data collection
The aim of the traffic data collection was to compile traffic volume data from motorways of
the 30 European countries targeted in the scaling up process. Because of their small or nonexisting motorway networks, Cyprus, Estonia, Luxemburg, Malta and Latvia were found to be
not relevant for the data collection. National contact points (when available) and national
transport and road authorities were contacted to acquire motorway traffic volume data. The
period of interest was between 2017 and 2019, and the target temporal resolution was one
hour. Following positive responses from road operators and national access points,
networking contacts and public websites of road authorities, accessing traffic volume data on
some level was possible for 17 European countries. The level of detail of traffic data varied,
with some countries providing hourly traffic volumes whereas others provided average
monthly or annual daily traffic volumes. Also the data coverage of the countries’ motorway
network varied. A summary of the collected data is presented in Table 5.9. For the Czech
Republic, traffic volume data was only available for 2016.
Table 5.9: Type of traffic data obtained for EU27+3 countries. UK data included data from
England and Scotland. The data for Spain and Italy covered only a small fraction of
motorways.

Type of data
Hourly data
Monthly ADT

Countries
FI, DE, NL, UK (E&S), IE, SI, NO

Share of VKT
(EU27+3)
40.2%

AT, PT, PL, HR, CH

8.5%
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Type of data
Annual ADT
No or insufficient data
No motorways in
OpenStreetMap

Countries
FR, CZ, DK, (ES, IT)
BG, CY, EL, HU, LT, RO, SK, BE,
LU,LV,SE
EE,
MT

Share of VKT
(EU27+3)
18.3%
(+23.5%)
9.4%
-

Organising and classifying traffic data
Whenever possible, the collected traffic data involved measuring points for both travel
directions with geographical coordinates and their associated traffic flow measurements,
which had a timestamp and an (aggregated) sampling rate of one hour. As traffic authorities
used various data formats and frequently used national coordinate systems, the data
structures were processed with custom Python scripts and entered into an SQL database to
facilitate further handling.
A common database schema allowed for more information to be added into the process. The
geographical coordinates were used to locate relevant infrastructure information on the
measuring points: the geographical region (NUTS3 classification) where the point was
located, along with its speed limit and lane count, were taken from the OpenStreetMap
database and stored along the traffic data.
Similarly, weather information by the European Centre for Medium-Range Weather
Forecasts through the Copernicus Programme (Muñoz Sabater, 2019) was added for each
traffic measurement for the appropriate hour. The weather data was sampled for each
NUTS3 region from the geographical centre of the region. It was assumed that light and
moderate rain are within the ODD of the mature ADFs, while heavy rain and snowfall are not.
This classification was based on threshold values of precipitation of less than 7.5 mm/h (BSI
2020) and snowfall of less than 1.0 mm/h. The snowfall criterion was revised to 1.0 mm/h
since ‘0’ would have been too strict for an hourly measure. All air temperatures were
considered to be within the ODD. The data did not include information on road surface
condition.
The common database format allowed for the investigation of traffic variation factors, where
data from five countries (Switzerland, Germany, Finland, Slovenia and the United Kingdom),
were used to create an estimate of the average variation in monthly, daily (weekdays vs.
Saturdays vs. Sundays) and hourly traffic on European motorways (Figure 5.4 and Figure
5.5).
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Figure 5.4: Daily and monthly traffic variation factors based on data analysis from five
countries (CH, DE, FI, SI, UK).

Figure 5.5: Daily traffic variation factors based on data analysis from five countries (CH, DE,
FI, SI, UK).
The variation factors were used in estimating the hourly traffic volumes for those countries
where only monthly or yearly aggregate traffic data was available. This process was called
“disaggregation”. Because different transport authorities provided data in different forms,
disaggregation was only applied to information that was missing – as much data was used as
possible. Data was not found for all countries, and in those cases for which it was not, the
variation factors were applied to an estimate of the average volume on a particular road type.
However, for those countries, this was done later in the scaling-up process and the estimated
volumes were not included in the traffic database.
The information collected and stored in the traffic database was then used to classify each
measurement into a volume class equivalent to the input traffic volumes in the simulations.
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Finally, each data point was classified into one of the 70 traffic scenarios corresponding to
the ones from the simulation step, defined by the volume class, number of lanes and the
speed limit at the point of measurement.
VKT estimation and adjustment
The base unit of analysis for the VKT estimation was the NUTS3 geographical region
(EUROSTAT, 2021), which categorises Europe into small regions for specific analyses. For
each of the 1514 NUTS3 regions in the EU27+3 area, an OpenStreetMap analysis was made
for the length, type and proportional share of motorways. In addition, the motorways were
classified according to whether or not they have a ramp section within two kilometres from
the point of investigation or not, and the share of these sections was recorded.
The aim of the analysis was to obtain an estimate for the relative VKT driven for each traffic
scenario within the NUTS3 region and a share of the VKT that lies within the ODD (i.e. was
driven in good weather conditions). The applied principle involved multiplying average traffic
volumes with the length of a corresponding road type where those volumes were driven.
The traffic database provided average traffic volumes for some traffic scenarios in this
NUTS3 region. As physical measurement points do not necessarily cover every type of road
in a NUTS3, this information was supplemented by the European average for any missing
road types for that area. These traffic volumes were further divided by an estimate of the
VKT within the ODD (counted from traffic data where available; estimated from European
average for the rest, combined with local weather data). The number of data points within
each resulting category was used to weight the corresponding length (km) for that scenario.
These VKT estimates can only be relied on to be correct relative to each other. For this
reason, they were adjusted so that the sum total of a country’s VKT estimates matched an
independent estimate from the ecoDriver project and TREMOVE model (Jonkers et al. 2016).
Overall, the share of VKT driven within the ODD was estimated to be 93.9%. These VKT
estimates per country were available for all of the EU27+3 countries for the year 2015. In the
absence of such data for 2019, these values were used in the analysis.
Applying simulation results
The scaled-up KPI values were attained by multiplying the indicator per VKT for the
appropriate ADF penetration rate (PR) with the estimated VKT for each traffic scenario in the
NUTS3 region. These numbers were then summed up to an EU27+3-wide total. The overall
result is the difference between the baseline condition and the appropriate PR condition, as
shown by the formula below.
𝐼𝑚𝑝𝑎𝑐𝑡12,2 = ,/𝑥!,12 ∗ 𝑉𝐾𝑇!,2 2 − ,(𝑥!,3 ∗ 𝑉𝐾𝑇!,2 )
!

!

where:
-

R: Region under investigation (e.g., one NUTS3 region or EU27+3)
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-

t: Traffic scenario under investigation (incl. number of lanes, speed limit, traffic
volume)
xt,PR: Output indicator, e.g., emissions / travel time / delay, per VKT in traffic scenario t
when ADF penetration rate is PR (treatment)
xt,0: Output indicator, e.g., emissions / travel time / delay per VKT in traffic scenario t
when ADF penetration is 0% (baseline)
VKTt,R: VKT in traffic scenario t in region R (baseline)

5.3 Results
5.3.1 Motorway ADF simulation results
This section presents results of the motorway ADF traffic simulations by research question.
The main indicators considered are travel time per VKT, delay per VKT, energy demand per
VKT and CO2 per VKT. Note that the penetration rates consider passenger cars only, and
manually driven HDV are included in the traffic flow. The main results are addressed here;
full results for all speed limits are shown in Annex 3.2.
The ratio of observed vehicles and the theoretical maximum is largest in the baseline and
lowest at full ADF penetration, where the decrease in throughput is 12–22%, depending on
the speed limit and motorway layout.
Travel time was investigated both in terms of travel time per VKT and in terms of delay
encountered per km travelled. Generally, travel times increase with increasing ADF
penetration rate and traffic volumes, at 100% penetration rate by up to 7–12% (2.6–4.3s)
(depending on speed limit and motorway layout). In the highest traffic volume class, travel
times decrease as penetration rate increases, by up to 8–14% (4.6–7.9s) at 100%
penetration rate compared to the baseline. Delays increase by up to 48–154% (1.3–4.3s) at
100% penetration rate, with the increase largest at low speed limits. In the highest traffic
volume class, delays decrease by up to 17–36% (1.3–7.9s) at 100% penetration rate, with
larger decreases at the lower speed limits.
An exception is the speed limit of 130km/h, where due to higher average speeds there is a
decrease in travel times (3.6–4.5%, 1.1–1.4s) and delays (up to 34%, 1.3–1.5s) in the
smallest traffic volume class and at 100% penetration rate.
The standard deviation of travel time can be seen as an indicator for the reliability of travel
time. The standard deviation increases with increasing traffic volumes and speed limits, and
decreases as the penetration rate increases. Large decreases (up to 66%) in standard
deviation of travel time are seen especially at the lowest traffic volume class and the two
highest classes. An exception is again the speed limit 130 km/h, where the standard
deviation of travel time increases in the two highest traffic volume classes with ADF
penetration rates of 5–30%.
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Regarding delay, the simulation results indicate that the delay per VKT increases with
increasing traffic volumes (Figure 5.6, Figure 5.7 and Figure 5.8). It is highest at the highest
traffic volume class of 2500 vehicles per hour per lane (from 8s to 26s depending on the
motorway layout and speed limit), as vehicles hinder each other from driving at the desired
speed.
The results for delay per VKT show that there are no large differences between delay on twoand three-lane motorways for the lower traffic volume classes, but there is a trend that delays
are lower on three-lane motorways in the first three volume classes and lower on two-lane
motorways in the highest traffic volume classes. The differences between motorways with
two and three lanes are smaller at full penetration than in the baseline.
The difference in delays in low traffic volumes between speed limits is due to the fact that
AVs aim to drive at the speed limit, which means that for the highest speed limits they aim to
drive faster than the average human drivers which drive on average at speeds below the
speed limit on those roads.

Figure 5.6: Average delay in s per VKT for speed limit 90km/h and different number of lanes,
traffic volume combinations and penetration rates. The figures present results per speed
limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251–1750 veh/h/lane; 4: 1751–2250 veh/h/lane; 5:
over 2250 veh/h/lane.
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Figure 5.7: Average delay in s per VKT for speed limit 110km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure 5.8: Average delay in s per VKT for speed limit 130km/h and different number of lanes,
traffic volume combinations and penetration rates.
With increasing ADF penetration rate, the deviation in speeds of passenger cars decreases
as AVs are set to drive at the speed limit, while human drivers have varying preferences and
more variability. Therefore, speed differences between passenger cars decrease, which
leads to more harmonised traffic flow.
Motorway capacity decreases when all passenger cars are equipped with motorway ADFs
(see Annex 3.2.7 for fundamental diagrams drawn from simulation results). For lower
penetration rates, the capacity decrease is small.
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Energy demand per VKT generally increases with speed limit and traffic volumes. Highest
reductions are found with high penetration rates and traffic volumes.
CO2 emissions per VKT increase with speed limit and traffic volumes (Figure 5.9, Figure
5.10, Figure 5.11). Effects are largest (up to 20% reduction) in the highest traffic volume
class and generally larger for three lanes than for two lanes. With lower traffic volumes,
effects are mostly small (+/- 1–2 %). Differences in emissions according to number of lanes
in the road segment decrease with increasing ADF penetration rate.
The increase in emissions with penetration rate for the speed limit of 130 km/h is a result of
the assumption that AVs aim to drive at the speed limit, which means that they drive on
average faster than human drivers in this scenario, resulting in an increase of CO2
emissions.
CO2 emissions per VKT are lowest (on average 174.6 g per km per vehicle) on three-lane
motorways at the speed limit of 90 km/h with a traffic volume of 1000 vehicles per hour per
lane and at 100% ADF penetration. CO2 emissions per VKT are highest (on average 260.6 g
per km per vehicle) in the baseline with the highest traffic volume (2500 vehicles per hour per
lane) on three-lane motorway sections without a speed limit. Note that these values are
averages among all the vehicles in the traffic scenario, manually and ADF driven, passenger
cars and heavy vehicles.

Figure 5.9: Average CO2 emissions in g per VKT for speed limit 90km/h and different number
of lanes, traffic volume combinations and penetration rates. The figures present results per
speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251–1750 veh/h/lane; 4: 1751–2250 veh/h/lane; 5:
over 2250 veh/h/lane. Note that these values are averages among all the vehicles in the traffic
scenario, manually and ADF driven, passenger cars and heavy vehicles.
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Figure 5.10: Average CO2 emissions in g per VKT for speed limit 110km/h and different number
of lanes, traffic volume combinations and penetration rates. Note that these values are
averages among all the vehicles in the traffic scenario, manually and ADF driven, passenger
cars and heavy vehicles.

Figure 5.11: Average CO2 emissions in g per VKT for speed limit 130km/h and different
number of lanes, traffic volume combinations and penetration rates. Note that these values
are averages among all the vehicles in the traffic scenario, manually and ADF driven,
passenger cars and heavy vehicles.
The effect of different number of lanes and presence of ramps is shown in Figure 5.12,
Figure 5.13 and Figure 5.14 below for the example of delay per VKT and the speed
limit 120km/h. For low and moderate traffic volumes, differences are small, but values are
slightly lower for three lane sections. At high traffic volumes, delays are smaller for two-lane
sections. The differences between delays in different road sections decrease with increasing
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penetration rate. At high traffic volumes, conditions are most fluent on two-lane roads without
ramps.

Figure 5.12: Delay per VKT for speed limit 120 km/h and volume class 1 (500 veh/ln/h).

Figure 5.13: Delay per VKT for speed limit 120 km/h and volume class 3 (1500 veh/ln/h).
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Figure 5.14: Delay per VKT for speed limit 120 km/h and volume class 4 (2000 veh/ln/h).
5.3.2 Motorway ADF scaled up results
5.3.2.1 Motorway analysis
Table 5.10 below shows the most frequent motorway–traffic-volume combinations in EU27+3
based on the analysis of European motorway layout and traffic data. It can be seen that most
VKT is driven on motorways with a high speed limit and low traffic volume. The ten most
common motorway–traffic-volume combinations cover 58% of total VKT, while the number of
combinations in total is 70 (of which 5 did not occur in the motorway analysis result because
no such combination of motorway type and traffic volume was found). The full table for all 65
combinations found in the analysis is shown in Annex 3.3.
Table 5.10: Most common motorway-traffic-combinations in EU27+3 (representing 58% of
VKT).
Share of VKT

Nr of lanes

Speed limit (km/h)

Veh/h/lane

1

12.9 %

2

130

Up to 750

2

9.7 %

2

120

Up to 750

3

6.6 %

3

130

Up to 750

4

5.8 %

2

none

Up to 750

5

4.2 %

2

130

750–1250

6

4.1 %

3

120

Up to 750

7

4.0 %

2

120

750–1250

8

3.7 %

3

110

Up to 750
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Share of VKT

Nr of lanes

Speed limit (km/h)

Veh/h/lane

9

3.6 %

3

none

Up to 750

10

3.5 %

3

none

750–1250

Figure 5.15 shows the distribution of VKT on EU27+3 motorways driven in each traffic
volume class. The majority of VKT (86.1%) is driven in the lowest two traffic volume classes
of up to 1250 veh/lane/hour.
The share of motorway sections with and without ramps was determined from
OpenStreetMap. The share of ramp sections on the EU27+3 motorway network was found to
be 74.8%, which means that for 74.8% of motorway kilometres the nearest on- or off-ramp is
located closer than 2 km in either direction. Similarly, line sections are counted only as
sections with the distance to the nearest on-ramp larger than 2 km.

Figure 5.15: Share of VKT driven in each traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250 veh/h/lane; 5:
over 2250 veh/h/lane.
5.3.2.2 Scaled up result
The result of the scaling up process for motorways and the relative change in travel time,
delay, CO2 emissions and energy demand (all per VKT) at the penetration rates of 5%, 10%,
30% and 100% compared to the baseline is shown in Figure 5.16. The magnitude of effects
is shown in Table 5.11.
Overall, there is a slight increase in travel times and a slight increase in delay with increasing
ADF penetration rate among passenger cars. Emissions and energy demand show a small
increase at low penetration rate (10%) and a small decrease at penetration rates of 30% and
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100%. Similarly, fuel consumption is expected to increase slightly at low penetration rates
and decrease at penetration rates of 30% and 100%.
The standard deviation of travel time decreases on average by 0.9% at 5% penetration, by
0.7% at 10% penetration, by 3.9% at 30% penetration and by 15% at full ADF penetration
(among passenger cars) compared to the baseline.
Speed differences between vehicles decrease with increasing ADF penetration rate. Overall
motorway capacity is likely to decrease slightly. Locally, impacts might be larger at regularly
congested sections. Throughput of motorways is expected to decrease slightly.

Figure 5.16: Scaled up results for motorways with relative change in travel time, delay, CO2
emissions and energy demand (all per VKT) at the penetration rates 5, 10, 30 and 100%.
Table 5.11: Change in efficiency and environment indicators (per VKT) for each penetration
rate.
PR

Travel time

Delay

CO2

Energy demand

5%

0.11 %

0.29 %

0.08 %

0.02 %

10%

0.34 %

1.47 %

0.32 %

0.22 %

30%

0.48 %

1.91 %

-0.15 %

-0.78 %

100%

0.87 %

1.39 %

-0.50 %

-3.16 %

Figures showing the results for the ten most common combinations of motorway layouts and
traffic volumes found on European motorways are presented in Annex 3.3. As shown
previously in Table 5.10, the most common combinations are characterised by low traffic
volumes and high speed limits.
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5.3.3 Urban ADF simulation results
Results are first presented for the KPIs delay per VKT, travel time per VKT, intersection
throughput and speed difference for the different networks and traffic volumes. The Mann
Whitney U test (two-sided) was conducted to show a difference in medians between the KPIs
of the condition (computed per condition and simulation initialization seed) and the
corresponding baseline. A result with a p-value smaller than 0.05 is assumed to be
significant and is indicated by a blue tint of the letter-value-plot. Detailed tables of the
differences in mean, p-values and U-statistics are provided in Annex 3.4 (Table A 3.3, Table
A 3.4).
Figure 5.17 shows the travel time per VKT for the different conditions. As is expected, with
an increase in traffic volume, the travel time increases. Also, a difference can be observed
between the two cities’ simulation networks. The travel time of the high traffic volume of the
Wolfsburg network lies between the low and medium travel time of the Hamburg network. On
the one hand, this is due to the higher complexity of the Hamburg network with more small
roads; and on the other hand, the traffic volumes were not set up in a way that the volumes
match between the networks.

Figure 5.17: Letter-value plots of travel time in s per VKT per simulated network and traffic
volume for urban areas. The blue tint indicates a significant difference to the baseline. The
large box indicates lower and upper fourth percentile (25%,50%) and median value line. The
outer boxes represent steps at lower and upper eighth percentiles, sixteenth percentiles and
so on. Outliers are shown as diamonds.
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Table 5.12 shows the change in travel time for the penetration rates and compositions where
the Mann Whitney U test showed a significant difference. For all significant changes, the
travel time decreases. In the Wolfsburg network for the penetration rate of 100%, the
decrease in travel time seems to increase with the increase in traffic volume. An overall trend
cannot be pinpointed. What is important to note is, that the variance in each condition is high
compared to the difference caused by the change in penetration rate. In each condition, only
the random seed initialising the simulation is changed. This changes the outcome of e.g. the
picking of random distributions in simulation and e.g. at what exact timestamp a vehicle is
spawned into the network. This implies the existence of factors that have an impact on the
travel time that are not set deliberately by the condition. Therefore, the results have to be
handled carefully. Due to rare vehicle priority decision issues in the simulation networks that
under certain circumstances may lead to unrealistic pileups, unrealistic simulation results
could be observed. These outliers were removed from the evaluation.
Table 5.12: Percent of change of mean of travel time compared to baseline for penetration
rates that differ significantly from the baseline.
Network

Traffic volume

Penetration rate

Change

p-value

Hamburg

high

30%

-3.65%

0.018

Hamburg

high

100%

-4.26%

0.005

Wolfsburg

low

10%

-0.07%

0.006

Wolfsburg

low

30%

-0.28%

0.000

Wolfsburg

low

100%

-1.09%

0.000

Wolfsburg

medium

100%

-9.21%

0.000

Wolfsburg

high

100%

-8.28%

0.000

The observations for the delay per VKT mirror the findings from the travel time and are
shown in Figure 5.18. For the conditions with a meaningful change in delay, it decreases. A
trend or pattern can only be observed for the low traffic volume in the Wolfsburg network,
where the delay decreases with an increase in penetration rate. This cannot be observed for
the other conditions. The same caution has to be raised for the evaluation of the delay as for
the travel time. The variance within each combination is large compared to the change due to
the penetration rate.
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Figure 5.18: Letter-value plots of delay in s per VKT per simulated network and traffic volume
for urban areas. The blue tint indicates a significant difference from the baseline. The large
box indicates lower and upper fourth percentile (25%, 50%) and median value line. The outer
boxes represent steps at lower and upper eighth percentiles, sixteenth percentiles and so on.
Outliers are shown as diamonds.
The results of the throughput are shown in Figure 5.19. For the Wolfsburg network, an
increase in throughput could be observed for the 100% penetration rate of the medium and
high traffic volumes. This is the case for the penetration rate of 30% and 100% of all traffic
volumes of the Hamburg network, except the medium traffic volume, where only the 10% and
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100% is deemed significant. For all conditions with a significant change in throughput, it
increases compared to the baseline.

Figure 5.19: Letter-value plots of mean intersection throughput per hour and per simulated
network and traffic volume for urban areas. The blue tint indicates a significant difference
from the baseline. The large box indicates lower and upper fourth percentile (25%, 50%) and
median value line. The outer boxes represent steps at lower and upper eighth percentiles,
sixteenth percentiles and so on. Outliers are shown as diamonds.
Figure 5.20 shows the mean speed difference to a lead-vehicle. The results of the Wolfsburg
network differ from those of the Hamburg network. For the Hamburg network, the speed
difference only decreases significantly for the high traffic volume and 100% penetration rate.
In the Wolfsburg conditions, the speed difference decreases for all traffic volumes and
penetration rates, with larger decreases for higher penetration rates.
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Figure 5.20: Letter-value plots of mean speed difference to a lead vehicle per simulated
network and traffic volume for urban areas. The blue tint indicates a significant difference
from the baseline. The large box indicates lower and upper fourth percentile (25%, 50%) and
median value line. The outer boxes represent steps at lower and upper eighth percentiles,
sixteenth percentiles and so on. Outliers are shown as diamonds.
Results for the CO2 emissions and energy demand calculations for urban networks based on
the VISSIM simulation results are shown in Figure 5.21 and Figure 5.22 respectively.
Outliers, determined as more than three standard deviations from the mean, were excluded.
The figures show the average amount of CO2 emitted and energy consumed per VKT
travelled, with 95% confidence intervals of the mean. As is evident, there is little change with
increasing penetration rate. Rather, values depend highly on the network and amount of
traffic considered. Statistically significant effects (at significance level p < 0.05 with
Bonferroni correction) are seen for CO2 per VKT for Wolfsburg with all traffic volumes at
100% ADF penetration rate, and in addition for the low and high traffic levels at 30%. For
Hamburg, significant effects are found for the highest traffic level at 30% and 100%
penetration rates. Regarding energy consumption per VKT, significant effects are found for
Wolfsburg at all traffic levels at 30% and 100% penetration rates, and none for the Hamburg
network. All of the treatment values are slightly lower with the ADF than in the baseline. For
Wolfsburg, changes in CO2 emissions per VKT are -1.0% and -1.1% at 30% penetration rate
in low traffic and high traffic respectively, -4.4% at 100% penetration ratein medium traffic,
and -8.8% at 100% penetration rate in high traffic. Energy demand changes by -2.2%, -1.7%
and -1.8 % at 30% penetration rate for low, medium and high traffic levels respectively, and

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

156

by -7.3%, -7.6% and -18.7% at 100% penetration ratefor low, medium and high traffic levels
respectively. For Hamburg, reductions in CO2 emissions in the highest traffic level are 1.8%
at 30% penetration rate and 2.0% at 100% penetration rate.

Figure 5.21: Average CO2 emissions in g per VKT for the Hamburg and Wolfsburg networks
at different traffic volumes (medium, low and high) and penetration rates, with 95%
confidence interval of the mean.

Figure 5.22: Average energy demand in kWh per VKT for the Hamburg and Wolfsburg
networks at different traffic volumes (medium, low and high) and penetration rate, with 95%
confidence interval of the mean.
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5.3.4 Indirect impacts
In addition to the direct impacts of the ADF on traffic efficiency and the environment, indirect
impacts are of interest. These were considered through the nine impact mechanisms that
were introduced in the safety impact assessment (section 4.2.1.3). Generally, very little
relevant literature was found on the mechanisms. Mechanisms 6–8 (Modification of
exposure, Modification of modal choice and Modification of route choice) can be partly
addressed with results of the mobility impact assessment (Chapter 3), while input for
mechanism 1 (Direct modification of the driving task, driver behaviour or travel experience) is
presented where the indirect impacts were addressed in the safety impact assessment
(Chapter 3). The traffic simulations in the efficiency and environmental assessment also
provided input regarding the first mechanism.
As accidents are a major cause of congestion, a reduction in the number of accidents is
expected to lead to improved traffic efficiency. Regarding the environment, impacts are
uncertain and depend on the circumstances – increase in average speeds may increase or
decrease, therefore having a positive or negative direction of effects on CO2 emissions and
fuel consumption.
The mobility impact assessment indicates a potential increase on VKT due to use of ADFs.
VKT increases with the penetration rate, reaching up to 4% in urban areas and 6% on
motorways at 100% penetration rate. This increase means that the results of the efficiency
and environmental impact assessment shift towards the higher traffic volumes, leading to
adverse impacts on efficiency and the environment.
For the other mechanisms, especially the AV user behaviour when outside the ODD and the
interaction between different road users, no relevant findings were found in the literature.
5.3.5 Overview of results
A summary of the direct and indirect findings and their estimated implications for efficiency
and the environment is presented in Table 5.13.
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Table 5.13: Summary of efficiency and environmental implications of AVs per mechanism.
Note, negative impact means deterioration (more delay, more emissions, etc.) and positive
improvement (less delay, less emissions, etc.).

M1

M6

Description of effect

Direction of effect
(positive / negative)

Size of effect
(small /
medium /
large)

1. Slight increase in travel times and delay
based on scaled-up motorway results
2. Slight decrease in CO2 emissions and
energy demand based on scaled-up
motorway results
3. Based on scaled-up safety results the
overall number of road accidents is
estimated to decrease due to
automation for all ADF penetration rates
4. Fatigue is potentially experienced
earlier and at higher levels during
automated driving compared to manual
driving leading to longer takeover times
after takeover requests
5. Engagement in NDRAs deteriorates
takeover quality, causes poorer driving
performance, and lowers situation
awareness compared to manual driving.
6. In unexpected take-over situations,
drivers are slower to identify potential
collision scenario during automated
driving than in manual driving.
Automated driving is likely to increase
vehicle km travelled by car. Increase in
exposure can be expected to increase the
number of road accidents (Kulmala 2010).
Increased VKT leads to increased traffic
demand on motorways.

Travel times and delay:
- negative due to lower
average speeds (1)
- positive due to
decrease in number of
accidents (3)
- negative in high traffic
volume situations (due
to shockwaves by slow
takeovers) (4,5,6)

Effect of change
in accidents:
Medium
Effect of
shockwaves:
Small (but can
vary locally)

CO2, energy demand and
fuel consumption:
- small decreases with
large penetration rate
(2)
-

positive or negative,
depending on the
changes in average
speeds and
accelerations (3-6)
Travel times and delay:
Negative
CO2, energy demand and
fuel consumption:
Negative

Potentially large

M7

Travellers are more likely to use cars
instead of other modes (use of public
transport and active travel expected to
decrease).

Travel times and delay:
Negative
CO2, energy demand and
fuel consumption:
Negative

Potentially large

M8

Car drivers could consider spending longer
time in rush hour traffic if they can avoid
driving themselves. Therefore, drivers may
prefer roads within ODD, such as
motorways, over other roads

Travel times and delay:
Negative
CO2, energy demand and
fuel consumption:
Negative

Potentially large
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5.4 Discussion and Conclusion
5.4.1 General discussion and conclusions
5.4.1.1 Motorway
The aim of the assessment was to study the potential impacts of mature L3 motorway ADFs
for passenger cars on travel times, motorway capacity, energy demand and emissions in
different traffic scenarios as well as scaled up to the EU27+3 level. A large number of speed
limit, road layout and traffic volume combinations were covered in the traffic simulations, with
motorway sections of two and three lanes with and without ramps. The results show that the
effects of ADFs differ with different road layouts, speed limits and traffic volumes. A summary
of results per research question is presented in Table 5.14.
There is a trade-off between benefits to traffic efficiency and the environment. Increases in
vehicle speeds can lead to decreased travel times, while road emissions can increase as a
result of these higher speeds. However, when looking at traffic flow as a whole, benefits for
both travel time and emissions can be expected at high speed limits, in the highest traffic
volumes and high ADF penetration rate. Yet, values of both indicators together are lowest
with low-speed limits and with low and moderate traffic volumes.
Table 5.14: Summary of findings per research question for efficiency and environmental
impact assessment for motorways.
L3Pilot research
questions

Findings (simulations)

Findings (scaled up)

RQ-I3a: What is the
impact of the ADF on
throughput in a road
section or intersection?

Throughput decreases 12–22% with
large penetration rate (PR), seen at
high traffic volumes

Overall impact is small
because effects are seen only
at large traffic volumes, which
are rare on the whole
motorway network.

RQ-I3b: What is the
impact of the ADF on
reliability of travel time?

The reliability of travel time tends to
increase with increase in PR.

Decrease in standard deviation
of travel time by 15% at 100%
PR (and 1–4% at lower PRs).

RQ-I3c: What is the
impact of the ADF on
travel times?

Travel times increase with PR and
traffic volume. In the highest traffic
volume class, travel time decreases
with PR. Delay follows a similar
pattern.

Small increase in travel times
and delay with increase in ADF
penetration rate.

RQ-I3d: What is the
impact of the ADF on
speed differences
between vehicles?

Speed differences decrease with
increasing ADF penetration rate.

Speed differences decrease
with increasing ADF
penetration rate.

RQ-I3e: What is the
impact of the ADF on
network capacity?

Motorway capacity decreases due to
increases in THWs, seen especially
in simulations with high traffic
volume.

Motorway capacity decreases
slightly. Locally, impacts may
be larger on most congested
motorways.
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L3Pilot research
questions

Findings (simulations)

Findings (scaled up)

RQ-I4a: What is the effect
of the ADF on fuel
consumption?

Large decreases in fuel consumption
possible at high traffic volumes and
high speed limits. Otherwise, effects
are mostly small.

Small decrease in fuel
consumption at high ADF
penetration rate.

RQ-I4b: What is the effect
of the ADF on energy
demand?

Large decreases in energy demand
possible at high traffic volumes and
high speed limits. Otherwise, effects
are mostly small.

Small decrease (3%) in energy
demand at high ADF
penetration rate.

RQ-I4c: What is the
impact of the ADF on
CO2 emissions?

Large decreases (up to 20%) in CO2
possible at high traffic volumes and
high speed limits. Otherwise, effects
are mostly small.

Very small decrease in CO2
emissions (0.5%) at high ADF
penetration rate.

Overall, small impacts on travel times, delay, energy demand and CO2 emissions were
found. This is due to the fact that a large share of VKT on European motorways is driven in
low traffic conditions, while impacts mostly show at high traffic volumes. Despite small overall
impacts on EU27+3 level, there is evidence that they might be more substantial on a local
level on motorway sections where traffic volumes are high on a regular basis, affecting a
large number of travellers. The aim of the scaling up was to obtain an overview of the
European motorways as a whole, and therefore the local impacts have not been thoroughly
examined other than via results of single scenarios.
A small peak of CO2 emissions and delay increases can be observed for the ADF penetration
rate of 10%. One reason for this could be an increase of interactions between AVs and MVs,
which due to their different driving characteristics can lead to conflicts and increased
acceleration and deceleration manoeuvres. At 30% penetration rate there may be enough
AVs in the traffic flow to allow for smoothing out these adverse effects.
Throughput on motorways decreases with increasing ADF penetration rate, which is due to
the large THWs of the AVs compared to MVs. When scaled up, the decrease in throughput is
estimated to be small, as most of the VKT is driven on roads with low traffic volumes.
Travel times increase with ADF, which is mostly due to lower average speeds in many of the
speed limit areas, as human drivers tend to overspeed when not restricted by other vehicles.
However, in the highest traffic volumes travel times decrease with ADF, which can be noticed
already at low penetration rates. This results partly from AVs having the speed limit as target
speed while human drivers on average drive more slowly. However, it may also indicate
more harmonised drive behaviour, which can also be seen in the standard deviation of travel
time as an indicator of the reliability of travel times. Its large decrease at 100% ADF
penetration among passenger cars (partly already at 30%) together with the lower travel
times point to more constant traffic flow. Similarly, delays decrease significantly at highest
traffic volumes and high penetration rates. Also, the decrease in speed differences between
individual vehicles in the simulations contribute to this harmonisation of traffic flow.
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Motorway capacity was found to decrease slightly with increased ADF penetration rate, likely
due to longer desired time gap of AVs in car-following compared to MVs. However, travel
times may not increase that much due to the harmonised traffic flow.
The effects on fuel consumption, energy demand and CO2 emissions depend to a large
extent on the average speeds and the speed fluctuations in the traffic flow. As most VKT
occurs in low traffic conditions, and AVs were assumed to aim to drive at the speed limit, an
increase in average speeds may lead to increased emissions. On the other hand, decreasing
stop-and-go traffic due to congestion may decrease road emissions.
CO2 emissions, fuel consumption and energy demand are closely related but were calculated
with different tools, which explains the differing effects for CO2 emissions and energy
demand. Energy demand estimates were based on a simple physical model, whereas the
emission models behind EnViVer were more complex and detailed, taking into account
several factors including the fleet composition.
It should be noted that the study did not account for energy consumption due to the power
requirements of the additional equipment in the vehicle needed for the ADF to function.
Through the literature, inconsistent values have been reported. Zhang et al. (2019) estimated
that sensing and computer systems only account for 2.7% of the total vehicle energy
consumption of an automated electric vehicle. On the other hand, Gawron et al. (2018)
estimate that the total power consumption and energy increase could be up to an additional
3.7% (medium size AVs) or 17.1% (larger AVs) compared to a conventional vehicle with
equivalent size. In addition, the physical integration of systems in the vehicle (on roof vs.
embedded within the car) also affects the energy consumption due to a potential increase in
aerodynamic drag. A poll among L3Pilot partners suggested that an increase in total energy
consumption caused by sensors and computer systems needed by mature motorway and
urban ADFs could be below 2% and 2–5% respectively (L3Pilot, 2021). Further, it was
estimated that the equipment would be embedded in the vehicle. Therefore, the additional
energy consumption due to the ADF equipment is considered to be relatively small.
Comparing with published literature, only few simulation studies using THWs similar to that of
the L3Pilot mature ADF have been published. Mattas et al. (2018) found a small decrease of
CO2 emissions with penetration rates 60% and above at speed limit 80 km/h. The L3Pilot
motorway simulations showed a reduction of 2%–3% for the second lowest traffic volume
class and no significant effect for the lowest traffic volume class. At medium and high traffic
demand Mattas et al. (2018) found a 2–6% increase in CO2 emissions, while the L3Pilot
simulations show a reduction of 10–15% in CO2 emissions at the highest traffic volume class
and 100% penetration, and 4–10% decrease at 30% penetration. Further, Mattas et al.
(2018) found a decrease in average speeds in the peak hour by 8–50% (at penetration rates
20–100%), while in the L3Pilot simulations an increase in average speed at the highest traffic
volume class and full ADF penetration was found. Stogios et al. (2019) found an increase in
CO2 emissions by 35% in high traffic conditions at 100% penetration rate. This is in contrast
to the findings in L3Pilot, where CO2 emissions were found to decrease by 12%–19% in high
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traffic volumes. The impacts of ADFs on traffic flow are complex and nonlinear. Generally,
the interactions between vehicles are complex and effects of the ADF depend on many
factors, many of which are yet unknown and therefore cannot be realistically included in the
estimation process. Nevertheless, this work advances the state of the art through a thorough
methodology for impact assessment and scaling up to EU27+3.
It should also be kept in mind that large impacts in terms of decreases of travel time or CO2
emissions do not mean small absolute values. Even the decreased values may be relatively
high, as they are mostly tied to high traffic volumes with many vehicle interactions.
5.4.1.2 Urban
The goal of the analysis was to show the impact of a mature L3 ADFs on travel time, delay,
throughput and emissions and energy demand in urban areas. The traffic simulation was
performed for two exemplary urban networks with varying traffic density, covering urban
roads with speed limits of 30km/h, 50km/h and 60km/h. A summary of the results per
research question is shown in Table 5.15.
Table 5.15: Summary of findings per research question for efficiency and environmental
impact assessment for urban areas.
L3Pilot research questions

Findings (simulations)

RQ-I3a: What is the impact of the
ADF on throughput in a road section
or intersection?

Throughput on intersections tends to increase with rising
penetration rate, but this could only be observed for the
more complex Hamburg network. For the simpler Wolfsburg
network, no change could be observed.

RQ-I3b: What is the impact of the
ADF on reliability of travel time?

For high traffic densities and high penetration rates
(>= 30%), the delay decreases. This makes the travel time
more reliable. The effect depends significantly on the
network and traffic density and volume. For some
conditions, an increase in delay was observed (e.g., simpler
Wolfsburg network, low traffic volume and 30% penetration
rate).

RQ-I3c: What is the impact of the
ADF on travel times?

For high traffic volumes and high penetration rates (>=
30%), the travel times decrease. For some conditions, an
increase in travel time was observed (e.g., simpler
Wolfsburg network, low traffic volume and 30% penetration
rate).

RQ-I3d: What is the impact of the
ADF on speed differences between
vehicles?

For the simpler network, the speed difference between
vehicles decreased across all penetration rates and traffic
volumes. For the more complex network, no change could
be observed.

RQ-I3e: What is the impact of the
ADF on network capacity?

Combining an increase in intersection throughput with a
decrease in travel time and rising penetration suggests that
the network capacity increases with high penetration rates of
ADF. The limit of capacity itself was not evaluated.

RQ-I4a: What is the effect of the
ADF on fuel consumption?

Fuel consumption decreases at high penetration rate in the
simpler network, especially in high traffic volumes.
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L3Pilot research questions

Findings (simulations)

RQ-I4b: What is the effect of the
ADF on energy demand?

Energy demand decreases at high penetration rate in the
simpler network, especially in high traffic volumes.

RQ-I4c: What is the impact of the
ADF on CO2 emissions?

CO2 emissions decrease slightly with increasing penetration
rate.

For high penetration rates and high traffic volumes, impacts on travel time, delay and
throughput could be found. However, the resulting impact was showed to be dependent on
the chosen simulation network. For the Hamburg network, only for the highest traffic density
impacts were detected, whereas for the Wolfsburg network, impacts were indicated
throughout all traffic densities. This indicates that the characteristics of the complex urban
road network have an influence on the magnitude of the impact caused by the introduction of
ADFs. The spread of the indicators per condition and penetration rate proved to be large
compared to the change of the indicators with penetration rate. This suggests that factors not
deliberately set during the simulation and only influenced by the initialisation seed of the
simulation influence the outcome of the simulation. Therefore, conjecture about the possible
cause–effect relationships from the simulation results calls for caution.
The travel time decreases with high penetration rates. The effect is larger for high traffic
densities. The effect differs from the motorway evaluation and could be due to the more
prevalent stopping and acceleration in urban settings. The increased smoothness (no
oscillation in follow behaviour) of ADFs compared to MVs in the following behaviour could be
the cause and outweigh the time benefit of speed limit violations, especially in high density
traffic, of MVs.
In one case, for the low traffic density in the Wolfsburg network, an adverse effect was
observed for lower penetration rates (10% and 30%). One cause might be that, because of
the low traffic density, the MVs could exceed the speed limit more often, now outweighing the
benefit of smoothness.
The delay mirrors the effects found in travel time and the same explanation can be given.
The reliability of travel times, in terms of travel delay, increases for high penetration rates and
high traffic volumes. As mentioned above, the spread of the indicator for each condition is
large compared to the change due to an increase in penetration rate. A change of this spread
due to an increase in ADFs could not be shown. Thus, a general impact on reliability of travel
times cannot be observed.
No significant changes in intersection throughput could be observed for the Wolfsburg
network. For Hamburg, with high penetration rate, the intersection throughput increased. A
higher throughput can be explained by the decrease in travel time. For the simulation, no
difference in lateral negotiation is observed between ADFs and MVs. Therefore, reasoning
can only be applied to longitudinal behavior. Remarkably, the significance of the change in
throughput does not directly coincide with the significance of the change in travel time. This
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could indicate that changes in intersection throughput are not the major driver behind the
changes in travel time.
Overall, the indicators for the urban setting are comparable to the results of the highest traffic
volume setting on the motorways. This indicates that the harmonization of traffic due to ADFs
in high volume traffic found on motorways can also be seen in high traffic density in urban
settings. However, these harmonisations require a high penetration rate.
5.4.1.3 Conclusion
On motorways, impacts vary with speed limits, traffic volumes and ADF penetration rates.
Overall, scaled-up impacts are small, as most VKT is driven in low traffic conditions, while
most impacts show in high traffic volumes. With higher traffic volumes, high rates of ADF
penetration lead to more homogeneous speeds and more reliable travel times, as well as a
small reduction in CO2 emissions. It needs to be noted that impacts may be larger on a local
level, for example on regularly congested urban motorways.
For urban roads, the simulation only suggests an impact for penetration rates above 30%,
and the results are largely dependent on the network and traffic volumes. This may be due to
the mature ADF drive behaviour, which resembles human drivers. Since the results show a
sensitivity regarding the specific simulation network, further research is needed for the
creation of networks that adequately represent the spectrum of European urban areas. This
is also true for the traffic flows, volumes and characteristics in urban areas.
5.4.2 Limitations
The study had several limitations, which are introduced below.
5.4.2.1 Simulations
The driving scenarios from the L3Pilot Common Database did not provide the information
necessary for calibrating the driver models. Further, the objective of impact assessment was
to assess a potential mature function instead of ADF prototypes. Therefore, the impact
assessment was based on mature ADF descriptions and parameters were mostly calibrated
from literature. The main reference for AV parameters was the CoExist project (Sukennik
2020) and for MV parameters the VISSIM default parameters and German guidelines for
simulations by the German Federal Highway Research Institute (BASt; Geistefeldt et al.
2017). Only a simplified version of the mature ADF could be implemented with the
Wiedemann 99 car-following model.
For road sections with ramps, the amount of traffic diverging, and merging was assumed to
be 10% of the volume on the main road. This amount, and the disturbance it may create to
traffic, varies in reality. However, no data on this variation on the European motorways was
obtained. The study did not consider changes in speed limit, lane drops or other possible
discontinuities occurring at line sections, which may cause additional disturbance to traffic
flow. These discontinuities are most prevalent in or close to urban areas.
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Urban areas have shown to be highly diverse, and the results of the simulations showed
dependence on the concrete simulation network. In this study, the urban simulations were
performed on two networks representing parts of real cities. To generalise the results, it
might be necessary to extend the simulation to a larger and more diverse set of cities or to
create artificial networks, that better represent the spectrum of European urban areas. In
addition to the network, the traffic densities, characteristics and flows in urban areas also
need to be studied in more depth to extend the limited representation that was applied in the
simulation of this work.
5.4.2.2 Scaling up
Motorway traffic data
The process of identifying official and reliable sources of motorway traffic volumes data for
each member state used as a primary mechanism the National access points under the
Delegated Regulation 2015/962 and Delegated Acts of the ITS Directive (2010/40/EU) for
accessing, exchanging and reusing transport related data. Article 3 from this regulation
states “The national access point shall constitute a single point of access for users to the
road and traffic data, including data updates, provided by the road authorities, road operators
and service providers and concerning the territory of a given Member State”. However,
access to the traffic data sources and databases around Europe required efforts in identifying
and making contact with appropriate personnel, and in some cases, these efforts were not
successful. In addition, for non-Member States (UK, Norway, and Switzerland), these
contacts were searched separately and by reaching out to official agencies in these
countries.
The result of this search lead to reliable and official data collection. Examples of official data
sources are: Austria (www.asfinag.at), France (www.data.gouv.fr), Germany (www.bast.de),
Norway (vegkart.no), Slovenia (www.promet.si), Sweden (vtf.trafikverket.se), Switzerland
(opentransportdata.swiss) and UK (England, webtris.highwaysengland.co.uk).
The amount and level of detail of traffic data differed greatly among the EU27+3 countries.
Despite significant effort put into data collection, data was not found for all countries and only
some countries provided hourly traffic data. Further, a significant amount of work was
required to convert traffic data (including coordinates of measuring points) from different
national formats to a single format.
In many cases, aggregated traffic data for a measuring point was provided as a total
including both directions. As they could not be distinguished, a 50:50 split per direction was
assumed. As a result, traffic volumes may be under- or overestimated in certain locations or
at peak times.
It was assumed that the VKT on motorways is driven with the average fleet of passenger
cars, which may differ from the real situation as newer cars are likely to be driven more. This
may lead to overestimation of emissions impacts. In scaling up, effects were matched with
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the same VKT estimates for all penetration rates, despite decreased throughput in the
highest traffic volumes. Therefore, hours travelled with highest traffic volumes may be larger
than assumed with full penetration, and effects larger.
The VKT values at the country level were from the year 2015. Between the years 2015 to
2019, VKT has likely increased by a small percentage, pointing to a small shift towards
higher traffic volume classes.
Traffic flows were considered on an hourly basis, which may also lead to the flattening of
traffic peaks, as momentary congestion can occur during shorter time periods. Similarly,
periods of extreme weather, such as heavy rain, may go undetected if they occurred during
only a small period of time within the hour, given that hourly average values were used as
weather indicators.
It was not possible to distinguish whether low traffic volumes were due to low demand or
congestion, as information on average speeds was not available for most countries.
Traffic data from the Czech Republic was obtained only for the year 2016, with weather data
from 2017 applied. For Denmark, traffic data were only available for the summer months
(April to October).
Variation in speed limits due to season or changes in legislation were not considered: the
speed limit and road infrastructure information is from 2020. In case of variable speed limits,
the speed limit of the closest road segment with a determinate speed limit was applied. If
none was found, the default motorway speed limit of the country was used.
Other EU-wide data
Information on the baseline for several indicators on EU and road network level was not
available. For example, no data on total travel time, congestion and emissions per road
network were found. Therefore, estimations were based on simulation results of the change
in each indicator per VKT and estimates of VKT.
For the urban impact assessment, no sufficient data were available on the different network
types and their distributions, nor on traffic volumes, so that representative traffic scenarios
could have been created similarly as for the motorway networks. Therefore, the simulations
were carried out in two networks with three different traffic volumes. As it is not known how
well these represent the urban areas in Europe as a whole, effects of the urban ADF were
not scaled up.
EU-wide data was lacking on road conditions, for example, icy or snowy road surface. The
motorway network information was extracted from OpenStreetMap, which relies on user
inputs and may not be fully reliable in all cases. For this work, however, the level of detail is
considered adequate.
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5.4.3 Lessons learned
Assessing the impacts of ADF on traffic efficiency and the environment with field tests is
challenging. Studying the impact of automation on traffic dynamics requires high-fidelity
models of driving behaviour and traffic flows. Current models are in need of further
development in order to capture the phenomena of interest, such as interaction between
manual and automated vehicles and congestion formation. To make the most of field tests,
the studied ADFs should be in a mature stage and allow for detailed measurements of the
driving behaviour to be incorporated into traffic models.
The scaling-up of impacts to European level would benefit from more comprehensive and
harmonised availability of traffic and infrastructure data on European roads and motorways.
Information on the baseline on the networks in terms of travel times, delays and CO2
emissions would allow for the calculation of effects directly instead of estimating them by
VKT.
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6 Socio-economic impact assessment
6.1 Introduction
The basic task of the socio-economic impact assessment is to analyze the social value of
making use of automated driving functions. As far as possible, the social values are
expressed in monetary terms. Impacts that are not possible to quantify are subject to a
qualitative evaluation. Assessing quantified and qualitative impacts provides a
comprehensive socio-economic investigation of the ADFs in question. This is in line with the
overriding research question:
What is the overall socio-economic impact of automated driving function designed for
different specific environments?
The focus is on the net welfare effects of ADFs for the society, i.e. benefits gained from
implementing ADFs held up against the costs of having them implemented.
The socio-economic impact assessment investigates the economic value of impacts reported
and estimated in the impact assessment of the three previous chapters. Impacts were
expected to be estimated for each ADF system: motorway ADF, traffic jam ADF, urban ADF
and parking ADF. In practice, however, impacts from traffic jam ADF have not been
estimated separately, but as an integrated part of motorway ADF. Upscaled impacts are
estimated for motorway and urban ADF. As there are no estimates on the effect and
upscaled impacts of reductions in accidents due to parking ADF, it has not been possible to
assess impacts of parking ADF from a socio-economic perspective.
The socio-economic impact assessment is outlined so that we first briefly recapture the basic
components of the analytical approach chosen to investigate the welfare effects of ADFs.
The approach, and its theoretical and empirical basis, are presented in more detail in L3Pilot
Deliverables D3.3: Evaluation Methods (Metz et al., 2019) and D3.4: Evaluation Plan
(Innamaa et al., 2020), and in Annex 4.1 of this deliverable. Then, we present monetary
values of expected impacts as they are estimated in the previous chapters, and possible
impacts that may be derived from these findings. This allows for a rather comprehensive
perspective on impacts of ADFs from the society’s point of view. This is summarized in
overall cost-benefit considerations of the two ADFs, motorway ADF and urban ADF.

6.2 Analytical approach
6.2.1 Methodological framework
Socio-economic analyses are concerned with the welfare of all citizens in the society.
Welfare effects of a project are detected by comparing a future scenario with the project over
the project’s lifetime to a baseline scenario without the project covering the same time period.
Differences in welfare between the two represent the welfare impacts of the project.
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Usually, the overall welfare effect is presented as the net present value of these differences
in welfare. In the case of L3Pilot, this would mean calculating the net present value over the
lifetime of ADF-equipped vehicles as well as a baseline scenario covering the same time
period with only conventional cars.
It is, however, impossible to describe realistic future scenarios with and without the relevant
ADF for the next 10–20 years. A baseline scenario over this time period without ADF
technology is not feasible because the relevant technology is already in a prototype phase
and will presumably soon be ready for introduction into the market. Furthermore, future
scenarios limited to contain only ADF technology would be unrealistic, because ADF
technology is regarded as a stepping-stone for the development of higher levels of
automated driving within the same time perspective. Thus, a simplification is chosen, where
the time perspective is narrowed down to one year. This is what we call the “snapshot
approach”.
At the time the impact assessments were carried out, the most recent statistics on the traffic
and accident situation were available for the year 2018. Therefore, we use 2018 as the
baseline scenario, which means that official public statistics for that year form the basis for
describing what the world would look like without ADF technology.
The question posed in our evaluation is the following:
How much higher (or lower) would social welfare have been if the relevant ADF
systems had been installed in a fraction of the passenger cars?
The advantage of this approach is that the baseline scenario cannot really be questioned, as
it – better than any other way of describing the baseline situation – can build on established
statistics regarding accident rates, accident severity, traffic flow, etc. Then, the treatment
scenarios focus on what would have happened if a certain fraction of the passenger cars in
that year had been replaced by cars with ADFs in use, all other things being equal.
In economics, this way of addressing a problem is referred to as comparative statics. It is a
comparison of two different economic outcomes before and after a change in the same
underlying exogenous parameters, and it is static as it compares two different equilibrium
states, one without the ADFs and the other after the ADFs have been incorporated. For our
analysis, this implies that the society is assumed to be in a steady state where nothing
happens except for the introduction of the respective ADFs in a fraction of the cars. The
treatment scenarios studied reflect different fractions of passenger cars with ADF in use: 5%,
10% and 30%. The full potential of the technology (i.e. 100% penetration rate) could not be
covered in the socio-economic impact assessment because the computational effort needed
for the safety impact simulations turned out to be infeasible within the scope of the project.
In order to facilitate the analyses, we make four assumptions regarding how the economy
works:
1. Competition is sufficient to ensure well-working markets.
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2. There are constant returns to scale in production.
3. The marginal cost of public funding is 1.
4. Distributional effects may be disregarded.
These assumptions are made in order to avoid unnecessary complications in the analyses.
Neither are considered to have any significant implications for the conclusions that are drawn
when assessing the impacts of ADF from a socio-economic perspective.
The first assumption implies that the prices of resources utilized in the production of goods
and services reflect their value to society. As a result, the market prices of specific goods and
services also reflect their cost to society, i.e., the alternative value of the resources if they
were utilized for the most promising value creating activities. This also means that investors
earn a normal return on their investments, i.e. there is no need to investigate the potential of
increasing profit margins because of ADF technology.
The second assumption means that the unit cost in the production of goods and services is
constant, independent of how much is produced. In addition, this means that the unit costs of
ADF equipment are assumed to be the same regardless of the production volume. Then, the
potential of scale economies can be addressed when considering the robustness of the
results.
The third assumption means that the cost of funding the provision of goods and services over
public budgets is the same as funding them over private pockets. This means for instance
that it does not make any difference for our analyses whether the provision of medical
services is funded by the government or in the private sector of the economy. This is
important, because the organization of such services varies significantly between European
countries, which means that public funding is more extensive in some countries than in
others.
The fourth assumption means that we neglect costs related to the distribution of benefits and
costs. This means that the value to the society of a Euro in benefit or cost does not depend
on who the winner or loser is, or whether he/she is rich or poor.
With this framework and these assumptions, our ambition is to undertake a comprehensive
evaluation of all possible social impacts of ADFs.
6.2.2 Data
The input data for the socio-economic impact assessment are provided by the impact
assessments on mobility, safety, efficiency and environment (see Chapters 3 to 5 for details).
From the evaluation of safety impacts, we receive information on the extent to which ADFs
influence the number of accidents and their severity. From the evaluation of efficiency
impacts, we receive information on the impacts of ADFs on different aspects of travel time.
The evaluation of environmental impacts provides information on how ADFs affect fuel
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consumption and CO2 emissions. The evaluation of mobility impacts sheds light on quality of
travel, travel patterns and amount of travel.
Impacts are detected for different treatment scenarios reflecting different shares of
passenger cars with ADFs (in use). The task of the socio-economic assessment is to express
these impacts in monetary terms. This is done by applying standard unit costs, which can be
established for the units applied for the estimation of impacts. In this way, the social value of
these impacts can be calculated. The standard unit costs that are used in the socioeconomic impact evaluation are documented in detail in Annex 4.2.
The socio-economic impact assessment also considers non-estimated social impacts as they
can be derived from the separate impact assessments and the literature in transport
economics. These are not quantified, which means that the socio-economic impact
evaluation will consider them qualitatively. This is done by ascribing signs, where plus signs
(+) indicate that impacts are positive or a benefit for the society, while minus signs (-) indicate
that the impacts are negative or a cost.
6.2.3 Outlining the data analyses
The socio-economic impact evaluation addresses the social value of the mature ADF
impacts step by step. When possible, impacts are detected for different penetration rates.
None of the penetration rates defined here represent predictions of actual penetration of cars
with ADFs in the future. Rather, they serve as an illustration of expected impacts given a
specific level of penetration. We present the monetary value of all quantified impacts for each
penetration rate.
When assessing impacts that cannot be quantified in monetary terms, the impacts are
discussed and evaluated qualitatively in accordance with accepted principles for socioeconomic analyses. As already mentioned, these impacts are ascribed a value indicating
whether the impact is regarded as a benefit or a cost from the society’s point of view. In this
qualitative consideration, the impacts are evaluated along two dimensions:
1. To what extent ADFs are expected to have an effect in the impact area considered
2. To what extent the impact area can be considered to be of importance from the society’s
point of view.
These two dimensions are discretionarily weighted and expressed with a three-scale
measure, where one positive sign (+) indicates significant positive impacts compared to
baseline, two positive signs (++) that these positive impacts are regarded as strong, and
three positive signs (+++) that they are regarded as very strong. 0 means that there is no
significant difference from baseline, while we have ascribed a value 0/+ when impacts tend to
be beneficial, but not enough to deserve a + sign. Similarly, one to three negative signs
indicate that the impacts are regarded as a cost to society and ascribed values along a threescale measure similar to the scale of indicating the strength of positive impacts.
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6.3 Safety impacts
The socio-economic assessment of safety impacts addresses three topics. One is the
impacts of ADFs on the number and severity of traffic accidents within the ODDs where
automated driving is possible, which are estimated in the safety impact assessment. In
addition, there are two other potential safety impacts that are considered. One concerns the
possibility of utilizing components of ADF to generate accident impacts outside their ODD.
The other concerns the extent to which the accident impacts of ADFs may also be expected
to affect how travellers perceive the risk of becoming involved in an accident.
6.3.1 Accidents and accident severity
The safety impact assessment presents estimates on how the number of traffic accidents
and their severity are affected by the motorway and urban ADFs respectively, and for
different penetration rates. The estimates show that the expected impact is a reduction in the
number of injury accidents in all treatment scenarios for both ADFs (Table 4.11 in section
4.3.3). This is valid for all different types of accident severity: Fatal accidents, Serious injury
accidents and Slight injury accidents.
The ADFs should, however, also be expected to reduce accidents with property damage
only. In order to include accidents with property damage only, the socio-economic evaluation
has applied accident information in Wijnen et al. (2017), Appendix F. As argued in Annex 4.2,
it seems reasonable to conclude that for all road traffic accidents, the number of accidents
with property damage only can be estimated as 9 times the number of injury accidents. In the
absence of more exact information, we assume the same relative relationship for accidents
applying to all road environments, i.e. motorways, urban and rural roads. We assume that it
is more reasonable to do so than to disregard this effect.
Table 6.1 summarizes the estimated accident impacts that will be evaluated in the socioeconomic impact assessment regarding motorway ADF and urban ADF.
Table 6.1: Annual change in the number of accidents due to motorway and urban ADFs by
accident severity and for different penetration rates.
Motorway ADF

Urban ADF

Accident severity:

5%

10%

30%

5%

10%

30%

Fatal

-37

-78

-246

-188

-377

-1,130

Serious injury

-253

-555

-1,665

-2,805

-5,611

-16,833

Slight injury

-1,604

-3,492

-10,467

-14,730

-29,459

-88,377

Property damage only

-17,046

-37,125

-111,402

-159,507

- 319,023

- 957,060

Source: Injury accidents from L3Pilot Safety impact assessment and own calculation of accidents with property
damage only.
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In order to calculate the social value of the expected reductions in traffic accidents, we need
the average cost for the society for each accident type, i.e. standard unit accident costs.
Fewer accidents mean lower social costs, implying economic benefits for society. All details
regarding the choice of these unit costs are presented in Annex 4.2.
We have decided to use standard unit accident costs as they can be derived from the
Handbook on the external costs of transport by van Essen et al. (2019). The handbook is an
expert investigation commissioned by the European Union’s Directorate General on Mobility
and Transport (DG MOVE) in order to generate state-of-the art estimates of unit costs to
calculate the external costs of transport. The social costs used in L3Pilot are derived by also
including the part of accidents costs that are internalized by each traveler.
The standard unit accident costs in van Essen et al. (2019) are, however, presented as
social costs for individuals injured in traffic accidents estimated on the basis of the severity of
their injury, while the safety impact assessment estimates the change in the number of
accidents by accident severity. This means that the standard unit accident costs by injury
severity have to be converted to unit accident costs by accident severity. This is done in
Wijnen et al. (2017). As Wijnen et al. (2017) is the major source for the standard unit
accident costs recommended by the EU’s Handbook on the external costs of transport, the
socio-economic impact assessment also applies their method of recalculating the
components of accident injury costs to standard unit costs by accident severity (see Annex
4.2 for details).
In Wijnen et al. (2017), the empirical basis for this reconfiguration of unit accident costs is,
however, rather weak. Reliable information on the number of injured persons and the
severity of their injury by the different categories of accident severity was only available for
two countries (Greece and Norway), and the average of these two had to be assumed as
representative for all European countries. A European average based only on data from
Greece and Norway is probably misleading in the sense that the road systems of these two
countries feature less motorways than the European average. To the extent that the number
of injured persons per accident is higher for accidents on motorways than the average for
accidents on all other roads, the estimated standard unit accident costs for the most severe
accidents will underestimate the social costs of motorway accidents.
The standard unit accident costs that are used in the analysis are shown in Table 6.2. The
unit costs are presented in Euros, reflecting prices in 2020.
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Table 6.2: Standard unit accident costs by accident severity. 1000 €2020.
Accident severity

Total unit accident cost (in 1000)

Fatal

4,321.0

Serious injury

653.8

Slight injury

67.9

Property damage only

3.8

Source: Social costs derived from van Essen et al. (2019), recalculated to unit accident costs by accident severity

Given the estimated number of expected accident reductions and the standard unit accident
costs to reflect accident costs from the society’s point of view, it is straightforward to
calculate the monetary value of the benefits to society, as presented in Table 6.3 for
motorway ADF and urban ADF.
Table 6.3: The social value of benefits from reductions in traffic accidents due to motorway
and urban ADFs by accident severity and in total. Million €2020.
Motorway ADF

Urban ADF

Accident severity:

5%

10%

30%

5%

10%

30%

Fatal

160

337

1,063

812

1,629

4,883

Serious injury

165

363

1,089

1,834

3,668

11,005

Slight injury

109

237

711

1,000

2,000

6,001

Property damage only

65

141

423

605

1,210

3,630

∑ All motorway
accidents

499

1,078

3,285

4,251

8,507

25,517

Since standard unit costs are the same for all scenarios of ADF penetration, the calculated
social value increases with the estimates of expected reductions in traffic accidents.
6.3.2 Safety impacts outside the ODD
The safety impacts discussed in the previous section are estimated within the ODD of the
respective ADF systems. The safety impact assessment does, however, point out that some
additional indirect safety effects can be expected because components for advanced driver
assistance systems (ADAS) are contained in the ADFs, and may also be activated and
function outside the respective system’s ODD. This means that the motorway ADF may also
contribute to safety impacts on urban and rural roads, where more than 90% of all injury road
accidents take place (cfr. Table 4.8). Similarly, the urban ADF may also contribute outside its
ODD. This means that the societal impact potential is large if components of the ADFs are
also effective in accident prevention outside each system’s ODD. It is reasonable to expect
that such impacts increase with the penetration rate.
As the safety impact methodology can only reasonably be applied within the ODD of the
respective systems, it is not defensible to attempt to make such estimates in the socio-
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economic impact assessment instead. For the qualitative evaluation, it seems reasonable to
conclude that safety impacts concern an area of great importance from the society’s point of
view, that the potential impacts are expected to be positive, and that significant effects are a
real possibility. Based on the distribution of accidents by road types, the potential positive
value of this indirect safety impact is expected to be somewhat larger for motorway ADF than
urban ADF, simply because the number of accidents outside the ODD of motorway ADF is
greater than what it is outside the ODD of urban ADF. Nevertheless, we apply the same
qualitative scores for the two since we only have a three-scaled measure: 0/+ for the 5%
penetration rate, + for 10% and ++ for 30%.
6.3.3 Impacts on perceived risk of accidents
To the extent that the use of ADF implies that travelers consider travelling with it to be safer
than traveling without, traveling causes less subjective concern, which has a social value.
Perception is hard to measure. In some way, however, perception is assumed to be related
to the statistical risk of becoming involved in an accident. As already referred to, the safety
impact assessment concludes that motorway and urban ADFs reduce the expected number
of traffic accidents. Table 6.4 shows the share of expected reductions in traffic accidents for
the different penetration rates and types of injury accidents as a percent of the total number
of injury accidents on both motorway and urban roads, and for all types of roads.
Table 6.4: Expected reductions in traffic accidents by accident severity and scenarios of
penetration for Motorway and Urban ADFs, as a percent of motorway accidents and all road
accidents in baseline, EU27+3.
Motorway ADF
Accidents on
Motorways

% decrease
30%

All road
accidents

5%

10%

Fatal
accidents

1,874

2.0

Serious injury
accidents

10,976

Slight injury
accidents

55,138

% decrease
5%

10%

30%

4.2

13.1

23,778

0.2

0.3

1.0

2.3

5.1

15.2

206,263

0.1

0.3

0.8

2.9

6.3

19.0

868,523

0.2

0.4

1.2

Urban ADF
Accidents on
Urban roads

5%

10%

9,298

2.0

Serious injury
accidents

124,680

Slight injury
accidents

609,575

Fatal
accidents

% decrease
30%

All road
accidents

% decrease
5%

10%

30%

4.1

12.2

23,778

0.8

1.6

4.8

2.2

4.5

13.5

206,263

1.4

2.7

8.2

2.4

4.8

14.5

868,523

1.7

3.4

10.2

Source: L3Pilot Safety impact assessment, Table 4.11.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

176

Implementation of motorway ADF is expected to prevent a significant share of motorway
accidents. Motorway traveling is, however, very safe relative to traveling in general.
According to Jonkers et al. (2016), motorways carry 15% of all traffic in EU27+3 measured in
vehicle kilometers traveled (VKT), and only 6–8% of the different types of injury accidents.
However, accident risks are not perceived by only considering accidents in one road setting.
An individual presumably perceives how all road accidents are affected. Relative to the total
number of all road accidents, the expected reduction in motorway accidents is relatively low.
Even for the scenario with 30% penetration, prevented accidents due to motorway ADF
account for some 1% or less for all types of injury accidents.
The actual number of accidents prevented by urban ADF is higher than for motorway ADF,
causing a greater reduction in accidents measured in percent of all road accidents. We
expect that the perceived risk of accidents in some way reflects the actual change of
becoming involved in an accident. Thus, urban ADF is expected to contribute more in this
respect than motorway ADF.
The share of prevented accidents does not necessarily reflect how ADF may affect how the
risk of being involved in a traffic accident is perceived. To calculate the change in accident
risk as the travelers’ experience it, we need to know the number of accidents related to the
total number of trips (or when driving a standard distance) in baseline and the treatment
scenarios. However, as accident risk, in general, is perceived as very low even before ADF
technology is introduced, the expected reduction in motorway accidents is probably not
sufficient to cause any significant change in how travelers perceive accident risks.
Nevertheless, there must be an impact in this respect that seems to be positive from the
society’s point of view.
According to the impact assessment survey in the mobility impact assessment, half of the
respondents expected that ADFs (L3 cars) in general would not contribute to any change in
how they consider their risk of being involved in an accident (Figure 3.3). Roughly 30%
expected that their perceived risk of accidents would decrease, while 20% expected it to
increase. To the extent that expectations expressed by people who have not tried L3 cars
merit consideration, there is no clear trend in how the public expects this technology to work.
We conclude that ADFs have a slight positive impact on the perception of accident risk,
which should increase with the penetration rate. However, neither for the motorway ADF
alone, nor with the addition of the urban ADF, is it considered sufficiently large to deserve a
qualitative score different from 0/+ for the penetration rates considered.
When considering how accident risks are perceived, one should also bear in mind that
perceptions are sensitive to public opinion. A few high-profile automated driving crashes may
easily skew the perception of accident risks, and also affect public willingness to pay for
ADF. This underlines the difficulty in asserting a social value to the perception of accident
risks.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

177

6.3.4 Summary of safety impacts
ADF has positive impacts on safety, which are manifested in significant monetary values for
the society. This concerns the direct impacts of urban ADF in particular, but also motorway
ADF. Indirectly, the systems are also expected to have positive safety impacts outside their
ODD, which have to be included in an overall cost–benefit evaluation. From a socioeconomic perspective, the systems also tend to have a positive impact on the perceived risk
of accident. These subjective risk considerations are not, however, expected to be
significantly different from how accident risks are perceived in baseline.

6.4 Efficiency impacts
We consider four different aspects of travel time when evaluating the travel time impacts of
L3 technology. First, the efficiency impact assessment has estimated the direct impact of
ADFs on network efficiency, for example through changes in the time it takes to travel a
certain distance. Significant effects were only found for motorway ADF. For urban ADF, only
few simulated scenarios had significant effects. Thus, it was decided not to scale up these
effects. Second, traffic accidents generate externalities, which affect travel time due to
accident-induced congestion. This can be considered for both motorway and urban ADFs.
The efficiency impact assessment has also addressed a third aspect of travel time impacts,
which concerns how L3 technology may affect travel time reliability. Relevant information is
only available for the motorway ADF. Finally, the potential impact of the technology on the
cost of travel time is discussed, which is a matter of relevance to both the motorway and
urban ADFs.
6.4.1 Impacts on travel time
The efficiency impact assessment provided estimates on the annual change in travel times
with the motorway ADF. Table 6.5 shows that the motorway ADF is expected to cause an
increase in travel time for all treatment scenarios. The travel times in the baseline result from
empirical driving patterns, which means that some of the estimated increase in travel times
with ADFs is explained by the equipped vehicles obeying the speed limit. In the socioeconomic impact assessment, this increased travel time is nevertheless considered a social
cost, which is counteracted by also ascribing a positive value to ADFs enforcing travelers to
obey to traffic rules set by the society (see section 6.6).
Table 6.5: Annual change in travel time due to motorway ADF for different penetration rates,
1000 hours per year

Annual change in travel time

5%

10%

30%

6,417

20,391

28,713

Source: L3Pilot Efficiency impact assessment

Increases in travel times are expected with the motorway ADF, representing a cost to
society. The increases are, however, quite small. An additional travel time of 29 million hours
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over one year (with ADF penetration rate of 30%) is almost negligible. If all the 275 million
passenger cars in EU27+3 drove the same distance on motorways, this would correspond to
less than 10 minutes extra travel time for each vehicle over a whole year. Despite an
expected increase in travel time for motorway driving, the overall travel time impact on the
EU27+3 level is quite small. There may, however, be large local variations.4
Even if the expected increase in travel time for the motorway ADF is small, the social value
should be taken into consideration. Hence, we need to establish a standard unit cost for
travel time.
In order to calculate the social value of changes in travel time, we need to assess the
standard unit cost of travel time, i.e. the cost of one hour of traveling. This is done by
calculating the arithmetic average of travel time cost for each of the 30 countries in EU27+3,
based on the information in Appendix F in van Essen et al. (2019). The calculated standard
unit travel time costs per person are shown in Table 6.6 for passenger cars and heavy-duty
vehicles (HDVs), and for different travel purposes for travels in passenger cars.
Table 6.6: Standard unit cost of travel time traveling more than 32 km by purpose of travel,
EU27+3, on Motorways, €2020/hour by vehicle type.

Arithmetic average

Passenger cars
Business purposes

Passenger cars
Personal purposes

Heavy-duty
vehicles

17.6

6.6

19.2

Source: Calculated from Appendix F in van Essen et.al (2019), Tables 87 and 88.

The share of heavy-duty vehicles (HDVs) in the traffic simulations is just below 10% of total
VKT, while 22% is travelled in passenger cars for business purposes (Statista 2021). The
remaining 68% is the share of personal trips. Further, we assume that travelling with
passenger cars on average involves 1.5 persons for business and personal trips (European
Environment Agency), while HDVs only include the driver.
In Table 6.7, we present the social value of the increase in travel time for motorway driving
with ADF. The monetary values are marked in red to show that the increase in expected
travel time is regarded as a cost to society.
Table 6.7: The annual social value from impacts of motorway ADF on travel time for different
penetration, EU27+3. million €2020.

Increase in travel time

5%

10%

30%

-93

-295

-416

4

In section 5.5, the efficiency impact assessment points out that despite small overall travel time impacts on the
EU27+3 level, there is evidence that impacts might be more substantial on a local level at motorway sections
where traffic volumes are high on a regular basis, affecting a large number of travellers.
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6.4.2 Impacts on accident-induced congestion
Traffic accidents have additional costs besides injury and damage costs, as they may cause
congestion, which increases travel times for all vehicles concerned. As the motorway ADF is
estimated to reduce the number of expected accidents, accident-induced congestion is also
expected to decrease. If this reduction could be measured in terms of reduced number of
hours spent in congestion due to traffic accidents over a year, the social value could be
calculated by applying the standard unit travel time cost for the persons involved. In the
absence of such estimates, Wijnen et al. (2017) have considered information from countries
that include congestion costs in their estimates of standard unit accident costs. Applying this
information, a standard unit congestion cost by accident severity is calculated for this
externality. These standard unit costs are presented in Table 6.8 updated to the price level of
2020.
Table 6.8: Standard unit costs for accident induced congestion per accident severity, €
Fatal accident

Serious injury
accident

Slight injury
accident

Property damage
only accident

4,065

755

675

426

Source: The cost component labeled “other costs” in Wijnen et al. (2017)

The social value of benefits from spending less time in congestion is calculated according to
this information and the estimated changes in accidents by accident severity in Table 6.1.
The expected socio-economic benefits in million Euros are presented in Table 6.9 for the
motorway and urban ADFs.
Table 6.9: Social value of reduced accident-induced congestion due to motorway and urban
ADF for different penetration rates, million €.
5%

10%

30%

Social value of reduced congestion due to motorway ADF

9

19

57

Social value of reduced congestion due to urban ADF

81

162

485

6.4.3 Impacts on travel time reliability
When preparing to travel, travelers often consider when they need to leave in order to arrive
on time. The exact travel time may vary for different reasons, and travelers have to take the
possibility of delays into account. Thus, they need to consider the time they expect the travel
to take and add some extra time as a buffer to reduce the likelihood of arriving late. Although
a slight increase in travel times is expected due to motorway ADF, the expected travel time
may become more predictable. This means that changes in travel time reliability, i.e. to what
extent travelers’ expected travel time can vary, is a matter of potential social value.
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As reported in Figure 3.4, and repeated in Table 6.10, the impact assessment survey reveals
that most people do not expect that ADFs will change the certainty of reaching their
destination as planned. But it is also shown that those who expect that it will cause some
change express an expectation of an increase in travel time predictability.
Table 6.10: Expectations of how L3 cars will affect the certainty of reaching travel destination
as planned.
Decrease
greatly

Decrease
slightly

The same

Increase
slightly

Increase
greatly

3.2%

7.4%

59.2%

21.2%

9.0%

Source: L3 Pilot mobility impact assessment

Expectations expressed by people who have not experienced driving with ADFs are not
considered as reliable indications of a real change in travel time reliability. On the other hand,
the efficiency impact assessment estimates that even though the travel times are expected to
increase slightly, its standard deviation, which is a measure of travel time reliability, is lower
in all treatment scenarios with motorway ADF than in the baseline. Furthermore, the standard
deviation decreases slightly with increasing penetration rate. Information on expected travel
time and its standard deviation may be used to calculate a travel time reliability indicator:
standard deviation in percent of travel time standardized relative to what it is in the baseline,
defined as 100. As seen in Table 6.11, travel time is expected to become slightly more
predictable with the investigated penetration rates of the motorway ADF.
Table 6.11: Expected travel time per VKT within the ODD of motorway ADF for different
penetration rates, standard deviation, and standard deviation in percent of travel time relative
to baseline.
Baseline

5%

10 %

30 %

Travel time seconds/VKT

34.2

34.3

34.3

34.4

Standard deviation, seconds

5.0

4.9

4.9

4.8

Reliability indicator

100

99.0

98.9

95.6

Source: L3Pilot Efficiency impact assessment

As the estimated impacts on travel time reliability only concern motorway driving, which
represents 15% of all VKT in the EU27+3, it does not seem justified to ascribe any
substantial value for the society related to the expected impact on travel time reliability for
treatment scenarios considered. The impact tends to be beneficial for the society, but in
reality estimated travel time reliability is not very different from what it is in baseline, which
means the impacts are evaluated to a score of 0/+ for all the penetration rate scenarios
considered.
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6.4.4 Impacts on the cost of travel time
To the extent ADFs contribute to increases in travel quality and travel comfort, ease the tasks
of driving, and allow drivers to engage in other activities, either work related or relaxation, the
cost of time spent traveling in AVs will decrease. This expectation of potential travel time cost
savings is generally supported in a broad set of studies (Ecoplan 2018, page 36). We do not,
however, have any information that can directly illuminate such impacts. The impact
assessment survey (Figure 3.4) provides some information on how the public expects that
automated driving (L3) will affect their travel comfort, stress of travel and productive use of
travel time, presented in Table 6.12. All of these areas concern different aspects of
importance for the cost of travel time.
Table 6.12: Expectations among public survey respondents as to how ADF will affect their
traveling.
Decrease Decrease
greatly
slightly

The
same

Increase
slightly

Increase
greatly

Travel comfort

3.2%

5.5%

45.7%

29.6%

15.9%

Stress of travel

10.9%

21.9%

44.1%

16.2%

7.0%

Productive use of travel time

2.8%

6.5%

51.9%

27.2%

11.5%

Source: The Mobility impact assessment

The impact assessment survey further investigated the extent to which the respondents were
willing to accept additional travel time when driving with a L3 car. Based on this information,
the mobility impact assessment concludes that the additional travel time accepted translates
into a 12%–25% reduction in travel time costs (Table 3.4). This cost reduction will apply
when driving within the ODD of the respective ADFs, i.e. on motorways as well as urban
roads. No distinction is made between the two.
However, as already noted in the mobility impact assessment, the respondents may have
failed to consider all the possible costs and limitations when giving the estimates, which
could lead to an overestimation of the travel time cost savings. Therefore, no quantitative
travel time cost savings were calculated. It is, however, reasonable to expect that the
reduction in travel time costs is larger when traveling with motorway ADF, simply because
more takeover-requests are expected when driving with urban ADF.
In the absence of reliable estimates, qualitative scores are applied. Positive impacts are
expected for all treatment scenarios, and they are expected to increase with the penetration
of ADFs. The social benefits of lower travel time costs do, however, only concern those who
are traveling in vehicles equipped with L3 technology, and the hours they are driving within
the ODD of the technology. This means that the social value of such impacts from the
society’s point of view is relatively low in scenarios with low penetration rates. Neither is the
cost of travel time to be regarded as a matter of great importance for the society. The
qualitative expectation scores applied for the social value of travel time cost savings for
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motorway ADF are: 0/+ for the 5% and 10% penetration rate scenario, and + for 30%
penetration. Since the number of hours driven within the ODD of urban ADF is more than
twice the time spent driving within the ODD of motorway ADF (see section 6.8.4), the
qualitative impact assessment ascribes higher benefit scores for urban ADF. These are
indicated as 0/+ for 5% penetration, + for 10% penetration rate, and ++ for 30%.
6.4.5 Summary of travel time impacts
The aggregated net travel time impacts of the motorway ADF are small, and negative in the
sense that the estimated travel time is expected to increase. For the urban ADF, estimates
could not be provided. This means that the direct travel time impacts of ADFs are small. As
for the expected travel time reliability, neither of the penetration rate scenarios are
significantly different from baseline. Indirectly, travel time is further affected by the expected
reduction in accidents because accident-induced congestion is also reduced. The way the
monetary value of this benefit is calculated, it does not appear to play any major role in the
cost–benefit evaluation. For the society, the potentially largest social values related to the
issue of travel time appear to accrue from how ADFs may impact the cost of travel time.

6.5 Environmental impacts
The environmental impact assessment provides estimates of changes to fuel consumption
and CO2 emissions for the motorway ADF. In addition, the potential ecological footprint of
ADFs is briefly considered, and the impacts of ADFs on amount of travel and choice of travel
modes are addressed.
6.5.1 Fuel consumption
The environmental impact assessment provides information on the expected impacts of ADF
on fuel consumption for three different fossil fuels: petrol, diesel and liquefied petroleum gas
(LPG). Other energy sources are so small that they are neglected. The impacts on fuel
consumption are summarized in Table 6.13.
Table 6.13: Change in fuel consumption for different penetration rates of motorway ADF,
1000 liters petrol, diesel and LPG per year.
5%

10%

30%

Petrol

20,409

99,010

-47,754

Diesel

16,967

80,732

-38,939

LPG

1,684

8,159

-3,935

Source: L3Pilot Efficiency and environment assessment.

These changes are very small. As there are 275 million passenger cars in EU27+3, an
annual reduction of 48 million liters of petrol, 39 million liters of diesel and 4 million liters of
LPG implies no significant change in fuel consumption as compared with the baseline. Added
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together, it means on average less than half a liter reduction in fuel consumption for each
passenger car over a whole year.
The social value of this fuel consumption has been calculated by applying the sales price of
these fuels excluding taxes5. For 2020, the arithmetic average of one liter excluding taxes for
all the 30 EU27+3 countries listed in Fuels Europe (fuelseurope.eu/knowledge/refining-ineurope/economics-of-refining/fuel-price-breakdown/) was €0.36 for petrol and €0.42 for
diesel. We were not able to find any LPG price when taxes are excluded. When calculating
the social value, we take the changes in LPG consumption into account by adding 5% of the
value calculated for petrol and diesel together, which resembles the volume of LPG relative
to the volume of petrol and diesel together in all scenarios. The estimated monetary values
are shown in Table 6.14.
Table 6.14: The monetary value of annual fuel consumption impacts due to motorway ADF
by different penetration rates, million €.

Social value of reduced fuel consumption

5%

10%

30%

-15

-73

35

6.5.2 CO2 emissions
Changes in CO2 emissions are measured in tons per year. Estimates from the environmental
impact assessment show that the amount of emissions changes in a similar pattern as fuel
consumption. Emissions increase in scenarios with low ADF penetration (Table 6.15). They
decrease with 30% penetration, and even more so with full implementation of the motorway
ADF.
Table 6.15: Annual CO2 emission impacts due to motorway ADF by different penetration
rates, 1000 tons per year.

Change in CO2-emissions

5%

10%

30%

102

426

-199

Source: L3Pilot efficiency and environment impact assessment.

The estimated impacts are low. According to Table 5.11 in section 5.3.2, the estimated
decrease is 0.15% in the 30% scenario. As 85% of the traffic volume occurs on roads other
than motorways, the impact of the motorway ADF on CO2 emissions is almost negligible.
In order to calculate the social value of changes in emissions, we used a standard unit cost
for CO2. A price for CO2 emissions has been set in a semi-market condition in the European
Union Emissions Trading System (EU ETS), which in 2020 was roughly €25 per ton. This
55

Tax is a cost for the individual. It is not, however, a cost from the society’s point of view. A tax only reflects a
transfer of money from the private to the public sector. This money transfer is not a cost which reflects the value
of resources that are needed in order to produce the ADF system.
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quota system currently has an excess of quotas to facilitate the introduction of the system.
Furthermore, the system does not include all sectors of the economy. This means that the
quota system does not provide a market-based price that reflects the social costs of reducing
CO2 emissions as much as officially targeted.
Instead, the choice of standard unit CO2 cost is according to estimates recommended by van
Essen et al. (2019). Their recommendation is based on a meta-study of cost estimates that
need to be enforced for the EU to reach the targets set for future CO2 emissions in EU.
These costs are presented as an average of low, medium and high cost estimates retrieved
from all these studies, and they are estimated for two time horizons; one reflecting what is
needed to reach the targets in a short- and medium-perspective up to 2030, and one as to
what is required thereafter to reach the long-term targets for 2050. As the snapshot focus is
on the current situation, the standard unit cost for the short- and medium-term future is
applied, and the average medium value has been chosen. Updated to 2020 prices, the socioeconomic impact assessment applies a standard unit CO2 cost of €106/ton CO2.
This standard unit CO2 cost has been applied in Table 6.16 to calculate the annual social
value of the estimated changes in CO2 emissions.
Table 6.16: The annual social value of CO2 emission impacts due to motorway ADF for
different penetration rates, million €2020.
Unit cost €2020
per ton CO2,

5%

10%

30%

106

-11

-45

21

Social value reduced CO2-emissions

6.5.3 Ecological footprint
When it comes to the issue of ecological footprint from car production, insurance industry
experts expect that equipping cars with ADF technology will increase the costs of each car
repair, which in the end may influence repair/replacement decisions regarding these cars. An
exact quantification of the additional costs is at this point of time not feasible. It is still
acknowledged, though, that to the extent the lifetime of AVs should decrease compared to
conventional cars, ADFs will increase the ecological footprint of car production.
On the other hand, the safety impacts presented in this deliverable show that ADFs
contribute to a decrease in traffic accidents. This reduces the need for car repair, which in
turn may imply a prolongation of the lifetime of AVs relative to manual vehicles (MVs).
Current knowledge is not sufficient to decide on expected net effects, or whether they should
be expected to be positive or negative. Thus, for the sake of this analysis, it is concluded that
there is no reason to expect any change in vehicle lifetime compared to baseline due to L3
technology.
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6.5.4 Amount of travel and choice of travel mode
According to section 3.3.3 of the mobility impact assessment, the impact assessment survey
shows that roughly two thirds of participants do not expect that ADFs will make them change
the frequency of driving or distances driven. Of those who expect it to change, there are
more who expect that the number of trips and the distance traveled will increase. Similarly,
the majority do not expect their public transport use to change due to ADFs, but of those who
expect it to change, there are more who expect that their use of public transport will
decrease.
In section 3.3.4, the mobility impact assessment identifies an increase of up to 2% in
motorway VKT with ADF penetration rates of 30% or less, and more with higher penetration
rates. It is somewhat lower (up to 1%) with the urban ADF. Nevertheless, an increase in VKT
will make it harder to reduce traffic related CO2 emissions. It will also increase the pressure
to build more roads and parking spaces, and may lead to an increase in the expected
number of traffic accidents. Taken together, this implies that the impacts of ADFs on the
amount of travel and the choice of transport mode have a negative environmental impact,
which can be expected to increase with the penetration rate.
On the other hand, increased amount of travel also reflects that the travellers’ surplus
increases for those who drive more, and also for new drivers. This is illustrated as the area
“b” in Figure A 4.1 of Annex 4.1. This is a social benefit. In the absence of more exact
information, we assume that this positive benefit outweighs the negative environmental and
safety impacts mentioned above. Thus, the net effect of increased amount of travel and
change in travel mode is assumed to be 0.
6.5.5 Summary of environmental impacts
The estimates for the amounts of fuel consumed and CO2 emitted at the different penetration
rates do not differ substantially from the baseline. Neither is ADF expected to affect the
lifetime of cars, which means that the ecological footprint of car production should be
considered the same as in the baseline. The only environmental impact that appears of
genuine significance in an overall cost–benefit consideration is the negative impacts that will
follow from an expected increase in amount of travel and change in the choice of travel mode
from public transport to passenger cars.

6.6 Other potential impacts
The aim of the socio-economic impact assessment was to undertake a comprehensive
evaluation of potential impacts of ADFs. Thus far, the main focus has been on impacts that
have been investigated in great detail in the different impact assessment areas. These have
been extended by briefly considering safety impacts outside ODD, accident-induced
congestion, travel time reliability and cost of time spent on traveling.
There are, however, potential impacts in other areas that may be of relevance. The societal
benefit of greater adherence to speed limits due to motorway ADF is already mentioned,
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counteracting the social costs arising from an expected increase in travel time. This is a
positive impact from the society’s point of view, and adherence to speed limits is of
importance. This should also have a social value when evaluating the socio-economic
impacts of urban ADF. However, we lack information to investigate this further. We also
suspect that adherence to speed limits shows up to a much greater extent in the estimation
of expected accident reduction for urban driving than for driving on motorways. Thus, to
avoid the risk of double counting, we do not ascribe any qualitatively evaluated scores for
urban ADF either. Regardless, the social value of respecting speed limits is expected to
increase with the penetration rate. As motorway driving only represents 15% of all vehicle
kilometers traveled in the society, the qualitative score ascribed to greater adherence to
speed limits due to motorway ADF is set to 0/+ for all penetration rates considered.
Another potential impact to address is the possibility that ADFs might create conditions for
higher productivity. Transport analyses have increasingly become interested in the relation
between transport infrastructure and economic productivity. To the extent that infrastructure
projects enlarge labour markets, economic mechanisms enhancing economic productivity
may be strengthened (Venables, 2007). In essence, labour market enlargement takes place
because infrastructure projects allow people to travel over longer geographic distances within
a generally accepted cost of traveling. As for the ADFs in question, this is only relevant for
motorway driving. Longer distances may be travelled with the same travel time costs either
because the speed of travel increases, or because the cost of travel time is reduced. As
already discussed, expected travel time will increase due to the motorway ADF, but only
slightly, which means that ADF impacts on travel time are not expected to cause the size of
labour market regions to change compared to what they are in the baseline. We do not
perceive the expected reductions in the costs of travel time to be sufficient to expand current
labour market regions significantly, either.

6.7 The social cost of implementing ADFs
So far, we have evaluated the impacts of ADFs from a socio-economic perspective. In costbenefit analyses, however, we also need to clarify the costs from the society’s point of view
that are needed for these impacts to take place. These are the social costs to produce and
install the ADF systems in cars, costs to maintain the functionality of the systems over time,
and the costs of road infrastructure that is needed for these systems to work.
Regarding the road infrastructure, the evaluations of impacts on safety and efficiency have
been conducted for the ODD of the systems within the current road infrastructure. This
means that it is assumed that no additional infrastructure investments or maintenance costs
are needed to achieve the impacts that are estimated. The socio-economic impact evaluation
can thus focus on the cost differences between cars equipped with ADFs and traditional
cars.
There is no information contradicting an assumption that the costs of AVs and MVs are on
average the same, except for the costs of equipping and maintaining ADFs in the AVs. This

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

187

means that we do not have to consider differences in the total capital costs for the two types
of cars. We may delimit the focus to the annual costs of ADF equipment over the lifetime of
the equipment, i.e. the costs to acquire and to maintain it.
According to non-disclosed industry experts, suppliers of equipment to car producers
generally need to guarantee a lifetime of at least 10 years for products supplied. However,
the lifetime of cars is longer than that, and it is assumed that the lifetime of ADF systems can
be the same if programs for maintenance, upgrading and replacement of worn-out parts are
followed. As the lifetime of cars is on average roughly 15 years, we will apply a 15-year
perspective when considering the annual costs of ADF equipment. We also assume that this
is the lifetime of AVs and the installed ADF systems, which means that there are no rest
values to consider. The relevant costs for the socio-economic impact evaluation should
include the costs and normal profits for all resources that automotive suppliers use to finalize
and produce the necessary components. It should also include the costs and normal profits
for car manufacturers to install and combine the equipment in passenger cars. In addition,
the social costs should include producer costs to maintain, upgrade and replace worn-out
parts, which are needed for the ADF system to work over the lifetime of the cars.
As the prototype of motorway ADF already exists and is expected on the market relatively
soon, costs for research and development (R&D) should not be included. The R&D costs are
sunk and should be disregarded when considering the costs of implementing the technology
from the society’s point of view.
On the other hand, market introduction of urban ADF is expected to be further out in time.
Extensive development work remains before these are ready for the market. Thus, it may be
argued that these development costs should be taken into account in the socio-economic
impact assessment. We do not know the expected costs of remaining development work,
and the OEMs are reluctant to indicate their magnitude. It is not, however, the purpose of the
socio-economic consideration to examine whether the society will be better off if OEMs halt
further development of automated driving functions. This is really no issue, as competitive
forces in the market ensure that resources will be allocated to develop this technology further
in any case, and hence may be regarded as incorporated in the baseline scenario. In that
sense, it is sufficient to focus on producer costs to manufacture and install the equipment
when considering the social costs to implement the urban ADF as well as a package of the
motorway, urban and parking ADFs.
Policies regarding company secrecy as well as fear of allegations of engaging in
collaborative and anti-competitive behavior prevent the companies from disclosing
information on producer costs and expected sales prices. Non-disclosed industry experts
have, however, provided an expected cost estimate for the motorway ADF and for the
package of the motorway, urban and parking ADFs together. These estimates, presented in
Table 6.17, are given with an uncertainty of ±30%, which is taken account of in sensitivity
analyses.
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Table 6.17: Estimated producer unit costs for different ADF systems. €2020.
Motorway ADF

Urban ADF

All 3 ADFs

1,945

2,025

2,300

Producer unit cost estimate
Source: Non-disclosed industry experts.

To calculate the annual unit cost of implementing ADFs we also need to add the social costs
for maintenance, upgrading and replacement of system parts. In the absence of more exact
information, we have simply assumed that these costs are accounted for by increasing the
producer cost estimates in Table 6.17 by 10%. In Table 6.18, the annual unit costs to have
ADFs implemented are calculated by applying a discount rate of 3% and a 15-year time
perspective. The calculation is shown in detail in Annex 4.2.
Table 6.18: Annual standard unit ADF costs for each ADF, €2020. Calculations based on
different inputs to producer costs and 3% discount rate.
Motorway ADF Urban ADF
Annual standard unit ADF cost

179

All 3 ADFs

187

212

In the cost estimates above, it is implicitly assumed that there are no economies of scale in
the production and maintenance of the ADF equipment. This can obviously be questioned.
However, according to our industry experts, essential components of the ADF systems are
already produced in large volumes, which allow for exploitation of economies of scale. Even
larger volumes will not allow them to benefit from exploiting unexploited economies of scale,
which means that this is no major concern.
The social cost of implementing ADFs is the product of the annual standard unit ADF cost
and the number of cars to be equipped with the ADF. In 2018, there were 275.2 million
passenger cars in the EU27+3 countries (ACEA, 2019). This means that 5% ADF penetration
adds up to 13.7 million vehicles, 10% to 27.5 million, and 82.5 million vehicles make up for
30%. On this basis, the annual social costs to implement motorway ADF are as in Table
6.19.
Table 6.19: Annual social costs of implementing motorway ADF for different penetration
rates. Million €.
5%

10%

30%

Annual social costs of motorway ADF

2,461

4,923

14,768

Annual social costs of urban ADF

2,567

5,135

15,405

Annual social costs of ADF package

2,914

5,828

17,464
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This method of calculating the costs for different penetration rates may exaggerate the actual
costs. The calculation of upscaled impacts is based on a certain share of the total traffic
volume driven with the relevant ADF. As there are substantial variations in driving patterns
between vehicles, a certain share of ADF vehicles in the traffic flow may be achieved by a
lower share of vehicles equipped with ADFs.
The socio-economic impact assessment does not have sufficient information to make any
readjustment of the number of vehicles that more correctly reflect the operationalization of
the different treatment scenarios. However, in this respect it is also fair to acknowledge that
there is no guarantee that drivers of all cars equipped with ADF actually will activate the
systems whenever possible. This works in the opposite direction. Thus, it may be justified to
calculate the social costs of ADFs for the different penetration rates with the share of
vehicles similar to the indicated penetration rate.

6.8 Overall cost-benefit evaluation
The cost-benefit analysis starts by summarizing the impacts that have been discussed so far
in separate subsections for the motorway and urban ADFs respectively. Then, the
implications of the qualitatively estimated results are interpreted by discussing the potential
monetary value of the qualitatively evaluated impacts, and by considering to what extent the
estimated results are sensitive to assumptions underlying the analyses. Finally, conclusions
from this discussion are drawn.
6.8.1 Summary of the cost-benefit considerations regarding Motorway ADF
Table 6.20 summarizes the social impacts of ADFs as they have been discussed in the
previous sections for motorway ADF. Some of the impacts are quantified in monetary values.
These are measured in million €2020. Positive numbers imply social benefits, and negative
values (also marked with red) imply social costs associated with the motorway ADF.
Other impacts of the motorway ADF have been subject to a qualitative impact assessment.
These are impacts that are expected to occur due to the implementation of ADFs, but where
knowledge is insufficient to provide reliable quantitative estimates. These are presented as
non-quantified impacts assigned with positive and negative signs, where a positive sign
indicates that the impact is considered to be a benefit to society, while a negative sign
indicates social costs. The impact’s importance is expressed by the number of signs on a
three-scale measure score (cf. section 6.2.3).
Table 6.20: The annual social value of impacts of motorway ADF for different penetration
rates, and the annual social costs of implementing the motorway ADF system.
5%

10%

30%

499

1,078

3,285

QUANTIFIED IMPACTS in million €2020
Accidents
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5%

10%

30%

-93

-295

-416

9

19

57

CO2 emissions

-11

-45

21

Fuel costs

-15

-73

35

∑ NET QUANTIFIED BENEFITS

389

683

2,982

COST OF MOTORWAY ADF

2,461

4,923

14,768

NET BENEFIT/COST-RATIO

0.16

0.14

0.20

Safety impacts outside ODD

0/+

+

++

Perceived risk of accidents

0/+

0/+

0/+

Travel time reliability

0/+

0/+

0/+

Travel time cost savings

0/+

0/+

+

Obedience to speed limits

0/+

0/+

0/+

Travel time
Accident-induced congestion

NON-QUANTIFIED IMPACTS:

*Numbers are rounded up

Of all the quantified impacts, the impacts regarding safety are the most substantial. As can
be seen in Table 6.20, all the qualitatively evaluated social impacts of the motorway ADF are
regarded as benefits to society with the exception of how the motorway ADF is expected to
impact the amount of travel and the choice of travel mode. The perceived risk of accidents
and travel time reliability, are not, however, very different from the baseline for any of the
penetration rates considered. On the other hand, the safety impacts of utilizing components
of the motorway ADFs outside their ODD and the impacts on the cost of travel time are
expected to be of much greater social importance, with the importance increasing along with
the penetration rate.
Such qualitatively evaluated impacts are of no less relevance for the socio-economic impact
evaluation of the motorway ADF than the impacts that are quantified. It is, however, only the
quantified impacts that can be directly related to the costs of implementing the technology,
and which are expressed in ratios comparing the magnitude of social benefits relative to the
costs to achieve them. The benefit/cost-ratio that has been calculated for motorway ADF is
well below 1 for all the penetration scenarios. Therefore, the question of profitability from the
society’s point of view relies on the potential magnitude of the positive impacts that have not
been quantified, but instead been subject to qualitative impact evaluations. We return to this
in section 6.8.4.
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6.8.2 Summary of the cost-benefit considerations regarding urban ADF
For the urban ADF, the only quantified impacts are based on how the system affects
accidents and in turn accident-induced congestion. Due to the absence of plausible
significant effects within the simulation-based assessment, no upscaled estimates were
made regarding impacts on traffic flows, fuel consumption and CO2 emissions. The safety
impacts transformed into accident reductions are, however, substantial and ensure that the
value of social benefits from fewer accidents outnumber the costs to implement the urban
ADFs. This means that the benefit/cost-ratio is greater than 1.
Table 6.21: The annual social value of impacts of urban ADF for different penetration rates,
and the annual social costs of implementing the ADF system.
5%

10%

30%

4,251

8,507

25,517

Travel time

n.a.

n.a.

n.a.

Accident-induced congestion

81

162

485

CO2 emissions

n.a.

n.a.

n.a.

Fuel costs

n.a.

n.a.

n.a.

∑ NET QUANTIFIED BENEFITS

4,332

8,669

26,002

COST OF URBAN ADF

2,567

5,135|

15,405

NET BENEFIT/COST-RATIO

1.69

1.69

1.69

NON-QUANTIFIED IMPACTS:
Safety impacts outside ODD

0/+

+

++

Perceived risk of accidents

0/+

0/+

0/+

Travel time cost savings

0/+

+

++

QUANTIFIED IMPACTS in million €2020
Accidents

*Numbers are rounded up

The qualitatively evaluated impacts imply that this ratio is even higher than what is recorded
with impacts that are quantified, as all the qualitatively evaluated impacts tend to be positive
from the society’s point of view.
6.8.3 Socio-economic consideration of a package of three ADFs
According to Table 6.17 the unit cost to have a joint installation of motorway, urban and
parking ADF as a package, is less than 20% higher than to install either motorway or urban
ADF alone. As the quantified net social benefits for motorway and urban ADF simply can be
added together in order to present the net social benefits for the package of ADFs, it is
obvious that the benefits will outweigh the cost of achieving them. Table 6.22 only shows the
impacts where it has been possible to quantify the value of social benefits.
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Table 6.22: The annual social value of impacts of a package of three ADF systems
(motorway, urban and parking) for different penetration rates, and the annual social costs of
implementing the ADF system.
5%

10%

30%

4,750

9,585

28,803

Travel time

-93

-295

-416

Accident-induced congestion

90

181

542

CO2 emissions

-11

-45

21

Fuel costs

-15

-73

35.

∑ NET QUANTIFIED BENEFITS

4,721

9,353

28,895

COST OF PACKAGE OF THREE ADFs

2,917

5,834

17,503

NET BENEFIT-COST RATIO

1.62

1.60

1.65

QUANTIFIED IMPACTS in Million €2020
Accidents

In addition, there are three non-quantified impacts of potentially great importance, and which
all are positive from the society’s point of view. This is as for motorway and urban ADF
expected safety impacts outside the ODD of the two, and expected travel time cost savings.
Furthermore, parking ADF is expected to reduce the number of parking related accidents.
6.8.4 Potential monetary value of qualitatively evaluated impacts
As already mentioned, the possibility of utilizing components of the motorway and urban
ADFs outside their ODDs may generate additional benefits that have not been accounted for.
This is also the case for the impacts of ADFs on the costs of travel time.
The social value of accident impacts outside the ADF systems’ ODDs
Section 6.3.1 documents a clear positive impact of the motorway and urban ADFs on the
prevention of traffic accidents. Strictly speaking, these systems are not meant to function as
automated driving systems outside their respective ODD. The systems, nevertheless, consist
of components that may be activated and work to prevent situations leading to accidents
outside their ODD too, in addition to within it. The safety impact assessment mentions that
the ADF sensor setup potentially enables the use of some additional key safety systems
such as automated emergency breaking, adaptive cruise control and lane keeping assist,
also including lane departure warning (see section 4.3.2).
To the extent that these ADAS functions are contained in the motorway and urban ADFs,
they also affect accidents outside their ODDs. The monetary value of such impacts will easily
become quite large. This follows from the occurrence of accidents outside the ODD of the
motorway and urban ADFs, as shown in Table 6.23.
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Table 6.23: Accidents by accident severity inside and outside the ODD of motorway and
urban ADF.
Fatal

Serious

Slight

Property
damage only

982

6,327

37,898

406,863

22,796

199,936

830,625

9,480,213

Motorway ADF
-

Inside ODD

-

Outside ODD

Urban ADF
-

Inside ODD

4,369

67,547

370,168

3,978,756

-

Outside ODD

19,409

138,716

498,355

5,908,320

23,778

206,263

868,523

9,887,076

Total road accidents

Source: Injury accidents calculated from Table 4.8 in Chapter 4 and own calculations of accidents with property
damage only.

Based on US data, ADAS equipment can be expected to prevent 29% of ADAS targeted
accidents (Drees and Bahouth, 2021), which is in line with European estimates (Lubbe et al.,
2018, Figure 1). ADAS targeted accidents are calculated to make up 75% of all road
accidents (Fahrenkrog et al., 2017, Table 4.9, p. 53). To indicate the potential social value of
accident impacts of ADAS components (built-in ADF sensors), we have calculated the
number of prevented accidents for all types of accident severity by assuming that ADAS
targeted accidents make up 60% of all types of accidents, and that ADAS is capable of
preventing 25% of them. Compared to the references above, this is a conservative estimate.
This nevertheless implies a substantial reduction in the number of accidents outside of the
ADF’s ODD. For a 30% penetration rate, the ADAS equipment in motorway ADF can be
expected to reduce fatal accidents by 1,026, serious injury accidents by 8,997, and slight
injury accidents by 37,378 with these assumptions. The accompanying reduction in accidents
with property damage calculated as in section 6.3.1 amounts to 426,610. For the urban ADF
a similar outside ODD calculation for the 30% scenario implies a reduction in 873 fatal
accidents, 6,242 serious injury accidents, 22,426 slight injury accidents and 265,875
accidents with property damage only.
Applying the standard unit accident costs presented earlier, the monetary value of these
benefits to the society can be indicated. For motorway ADF it is calculated at €14,470 million
with 30% penetration rate. Assuming a linear relationship between the magnitude of these
benefits and the penetration rate, the social value of accident prevention outside the ODD of
the motorway ADF is calculated at €2,412 million with 5% ADF penetration and €4,423
million with 10% penetration. To the extent the value of these social benefits are in the
magnitude as indicated, the benefit/cost-ratio may exceed 1.
Applying the same procedure to indicate the monetary value of safety impacts outside the
ODD of the urban ADF, calculations indicate additional benefits in the order of €10,386
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million with 30% penetration rate. This means €1,731 million in the 5% scenario and €3,462
million when the penetration rate is 10%.
A joint consideration of the safety impacts of motorway and urban ADF outside their ODDs
cannot simply be found by summarizing the indicated values of social benefits for each of the
ADFs because the road network outside the ODD for each of the two partly overlaps. When
the risk of double counting is taken care of, the same procedure as above is applied to
indicate the monetary of safety impacts outside their ODD. It is calculated to €1,638 million
with 5% penetration of the package, €3,275 million for 10%, and €9,826 million when
penetration is 30%
The social value of travel time cost savings
The qualitative results of the socio-economic impact assessment indicate positive impacts of
the motorway ADF on the cost of travel time for those who utilize it when driving. The social
value of these impacts should increase with the number of people experiencing
improvements in travel comfort and travel quality, as well as greater opportunity to relax or to
engage in productive work. This means that social benefits are expected to increase with the
penetration rate.
In order to calculate the monetary value of such cost savings, information is needed on the
number of hours that vehicles with ADFs drive within their ODDs in a year.
Motorway ADF
According to the efficiency impact assessment, motorway driving within the ODD in the
EU27+3 adds up to 604,567 million VKT over one year. Based on information in Table 6.4.7,
the average speed of motorway driving is calculated at 106 km/h (3,600 sec/34 sec/VKT),
which means that 5,710 million hours are spent on motorway traveling in one year when all
passenger cars are equipped and operated as AVs. Then, the total number of hours driven
with the motorway ADF can be calculated for the different scenarios assuming that it
proportionally reflects the penetration rate.
There is no sufficient information to determine how much the cost of travel time for ADF
users is expected to decrease. The mobility impact assessment translates information on the
willingness to undertake longer travels with L3 cars from the impact assessment survey,
implying a reduction in the cost of travel time of 12%–25%, compared to the monetary values
used in section 6.4.1.
If this is taken at face value, the monetary value of lowering the hourly cost of time spent
traveling with 12%–25% will translate for motorway ADF into travel time cost savings
amounting to €496–1,034 million with 5% penetration rate, €993–2,068 million with 10%
penetration rate, and €2,978–6,205 million with 30% penetration. Even though a cost
reduction in the order estimated by the mobility impact assessment may seem rather
rudimentary, it suggests that this impact may generate social benefits of substantial
monetary value. It is not, however, of the magnitude indicated for impacts outside the ODD.
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Urban ADF
As for the urban ADF, driving within its ODD amounts to 493,005 million VKT over one year.
We apply an average speed of 31 km/h, which is calculated from information in Anciaes and
Jones (2018, Table 8)6. This implies that driving with urban ADF amounts to 15,903 million
hours in one year when all passenger cars are equipped with urban ADF.
The travel time cost reduction of 12%–25% suggested by the mobility impact assessment
concerns driving with ADF in general. No distinction is made between urban and motorway
driving. Thus, if we apply this on the hours driven with the urban ADF, the monetary value of
such travel time cost savings with 5% penetration rate adds up to €1,383–2,880 million, to
€2,765–5,760 million with 10% penetration, and to €8,295–17,281 million with 30%
penetration.
Cost savings of this magnitude would imply substantial socio-economic benefits. It may,
however, be argued that cost savings due to an ADF generated increase in travel comfort
and the possibility of engaging in other activities than driving when traveling, may be less
significant for urban driving than for driving on motorways simply because the urban ADF is
expected to be subject to more takeover-requests than the motorway ADF. Thus, the
reduction in the hourly travel cost when driving with the urban ADF may be less than for the
motorway ADF. How much, is impossible to know.
Nevertheless, from a socio-economic point of view, this implies that the impacts of ADF on
the hourly cost of time spent on traveling deserve more attention in future studies of
automated driving functions.
For the package of ADFs, the travel time cost savings are simply the sum of the indicated
values for motorway and urban ADF. Parking ADF is not relevant here.
Parking ADF
The safety impact assessment has addressed parking ADF without performing any
simulations (section 4.3.1.3). Information is gathered from insurance claims in Germany.
Parking related accidents are calculated to concern 23.2% of the accidents leading to an
insurance claim7. However, as one accident may cause more than one insurance claim, the
exact number of accidents is uncertain. Neither is the effectiveness of parking ADF
investigated.
According to the annual number of insurance claims in Germany, the number of traffic
accidents is somewhere between 2,740,000 and 4,240,000. The minimum number is based
on the number of claims registered as “third party liabilities (TPL)”. In addition, there are
claims which concern damage for the car owner, registered as “material own damage
6

The average speed is calculated by weighting the average speed values from inner and outer zones, focusing
on the road classes 3 and 4/5 and assuming that these road classes are equally represented, and assuming a
distribution for free flow/peak-time/off-speak of 12/4/8 hours per day. This gives an average speed of 31 km/h.
7
Parking related accidents do not necessarily lead to insurance claims. Thus, the actual number of such
accidents are higher.
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(MoD)”8. Parts of these latter type of claims stem from accidents that also have caused a
third party liability claim, while others represent separate accidents. This means that the
number of accidents cannot be calculated by adding the number of TPLs and MoDs. For our
purpose, we have simply assumed that half of the MoDs stem from separate accidents,
which means that we use a number that is the average of the minimum and maximum
numbers of traffic accidents based on the number of insurance claims.
Then, the parking related accidents can be calculated to 1.7% of the 47 million passenger
cars in Germany in 2018. Assuming that the share of parking related accidents relative to the
stock of passenger cars in EU27+3 is the same as in Germany, we have estimated the
number of parking related accidents to 4,675,000. Based on the safety impact assessment’s
indication that the effectiveness of parking ADF is 75-100%, we have assumed that parking
ADF will prevent 80% of these parking related accidents.
By applying a standard unit cost of parking related accidents of €2,334 9, the monetary value
of parking ADF may be indicated. With 5% penetration it is €436 million, with 10%, it is €873
million, and it is €2,619 million when 30% of the cars use parking ADF.
6.8.5 Sensitivity of estimated results
The choice of standard unit costs is of great importance for the social values that are
calculated in the socio-economic impact analysis. So far, uncertainty has been expressed
with particular regard to two of the standard unit costs applied.
One is standard unit accident costs, where the human costs applied from the Handbook on
external costs of transport (van Essen et al., 2019) are roughly twice as high as those
recommended by Wijnen et al. (2017) in the SafetyCube project (cfr. Annex 4.2). In fact,
compared to the benefits of accident impacts reported for motorway and urban ADF in this
report, if we had used the human costs according to Wijnen et al. (2017), there would have
been a reduction of the social value of benefits accruing from the expected accident
reduction due to both motorway and urban ADF with 35%.
The other main uncertain unit cost is the standard unit cost for equipping vehicles with the
ADFs. Uncertainty in this respect goes in both directions. In the sensitivity analysis presented
here, the cost estimates applied are presented within an uncertainty range of ±30%.
Lower monetary value on social benefits, as well as higher producer costs, imply a decrease
in the calculated benefit/cost-ratio. As shown in Table 6.24 and Table 6.25, this makes it
more uncertain to expect that the motorway ADF alone can be regarded as profitable from
the society’s point of view. For the urban ADF, on the other hand, neither of these
8

The reference for this information is the presentation prepared by the Safety impact Assessment for the SP7
Workshop, June 10, 2021.

9

The Safety Impact assessment’s presentation of June 10, 2021 calculates the average cost in 2018
prices for MoD to €2,231, which correcting for a slight mistake should be €2,263. For TPL (property
damage), it is estimated to €2,240. Based on this, the average parking related cost is assumed to be
€2,250 in 2018-prices. In 2020 prices, it will be €2,334.
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uncertainties cause the benefit/cost-ratio to fall below 1, which means that the social benefits
created are greater than the costs to achieve them. This would also be the case for a
package of motorway, urban and parking ADFs.
Lower producer costs have the opposite impact on the results. Considering lower producer
costs improves the calculated benefit/cost-ratio. For the motorway ADF it is far from sufficient
for the quantified benefits to match the costs. For the urban ADF, the system appears even
more beneficial for society.
Table 6.24: Implications for the estimated monetary values of different assumptions and
preconditions regarding motorway ADF compared to the values applied in Table 6.20, million
€.
5%

10%

30%

Reduction in the social value of safety impacts with
human costs according to Wijnen et al. (2017)
Revised benefit/cost-ratio

176
0.09

380
0.06

1,158
0.12

30% higher producer costs for ADF
Revised benefit/cost ratio

736
0.12

1,477
0.11

4,430
0.16

30% lower producer costs for ADF
Revised benefit/cost-ratio

736
0.23

1,477
0.20

4,430
0.29

Table 6.25: Implications for the estimated monetary values of different assumptions and
preconditions regarding urban ADF compared to the values applied in Table 6.21, million €.
5%

10%

30%

Reduction in the social value of safety impacts with
human costs according to Wijnen et al. (2017)
Revised benefit/cost-ratio

1,508
1.10

3,017
1.10

9,050
1.10

30% higher producer costs for ADF
Revised benefit/cost-ratio

770
1.30

1,531
1.30

4,622
1.30

30% lower producer costs for ADF
Revised benefit/cost-ratio

770
2.42

1,541
2.41

4,622
2.41

6.8.6 Conclusions of the cost-benefit analysis
The cost–benefit analysis shows that the quantified impacts of the motorway ADF are not
sufficient to create social benefits of a monetary value that can match the social costs of
implementing the system. If motorway ADF are to be beneficial from the society’s point of
view, it must be because there are benefits that have not been subject to specific quantitative
benefit estimation performed in L3Pilot. The socio-economic impact assessment has
identified two areas of potentially great importance in that respect, i.e. impacts that may be
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generated from applying components of the ADFs outside their ODDs, and the impacts of
ADF on the cost of time spent traveling. The monetary values of these two impacts have
been indicated. To the extent that these values are realistic, they are sufficient to ensure that
the benefit–cost-ratio for motorway ADF may be expected to appear to be greater than 1.
For the urban ADF, the benefit/cost-ratio based on the quantified impacts reflects that social
benefits exceed the costs. The ratio is well above 1. The indication of how the qualitatively
evaluated impacts may generate monetary values suggests that the profitability of the urban
ADF from the society’s point of view is large.
The cost estimates to implement ADFs indicate that the cost of implementing motorway,
urban and parking ADFs as a package is only slightly above the cost of implementing each of
these ADF systems separately. According to section 6.7, the cost of implementing all three is
less than 15% higher than the cost of the urban ADF alone. This means that the quantified
social benefits calculated for motorway and urban ADF are more than sufficient to ensure a
benefit–cost ratio that is greater than 1.

6.9 Individual car driver’s perspective
So far, all the questions posed, all the analyses, and all the discussions have had the
aggregate interest of society as their point of departure. However, nothing will happen unless
individual car drivers find it worthwhile to buy cars with the relevant ADF installed.
To try to shed some light on this question, we start by constructing an “average” car driver.
He/she drives on motorways, on urban roads, and rural roads with and without congestion. In
addition, he/she parks the car at home and on public parking spaces. Will this person buy the
new type of car with ADF? This will depend on whether expected benefits exceed the costs
of acquiring the ADF systems.
6.9.1 Costs
The price paid by the car buyer is assumed to be three times the producer cost used in the
socio-economic analyses (see FOT-Net and CARTRE, 2018). The main reasons are the
following: First, producers put a mark-up on variable producer costs, which is meant to cover
development costs of the technology, other sunk cost, and profits. In addition, buyers have to
pay taxes. All countries have value-added tax and in some countries there are special car
related taxes. Table 6.26 present estimates of the additional costs for the individual driver to
acquire an ADF equipped car, based on the cost estimates in Table 6.17 and Table 6.18.
Table 6.26: Unit sales price and annual cost for users of ADF, €.
Motorway ADF

Urban ADF

All ADFs

5,875

6,075

6,900

537

561

636

Unit sales price
Annual cost incl. 10% maintenance
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If the interest rate which individuals relate to is 3%, the same as the discount rate in the
socio-economic analyses, and also used in Table 6.26, the annual cost will also be three
times the annual cost used in the socio-economic analyses. However, the relevant interest
rate perceived by the individual may be different. If it is higher, the annual cost will, of course,
also be higher.
6.9.2 Benefits
The benefit side is approached from two angles: One uses the aggregate numbers from the
socio-economic analyses as its point of departure. The other is based on questionnaires in
which respondents are asked to state their willingness to pay (WTP) for different ADF
systems explicitly.
Approaching the individual from the socio-economic analyses
It is not straightforward to derive the benefit for the potential buyer of the new car type from
the socio-economic analyses above. In principle, the individual car driver perceives benefits
of the same types as those discussed in the socio-economic analyses. But his/her
perspective is narrower. The question is “What’s in it for me (and my family)?” Not all
quantified benefits taken into account in the socio-economic analyses are internalized by the
individual. There are also benefits that may be of importance for the individual which have
not been addressed in the socio-economic analyses. Is there, for instance, a snob-effect
connected to possessing and driving an ADF equipped car?
To begin with, assume that only passenger cars benefit from ADFs, i.e. other types of
vehicles (or travelers) are not affected. Based on the safety impacts given in Table 6.20 for
motorway ADF (€2,982 million) and Table 6.21 for urban ADF (€26,002 million), it is possible
to calculate an annual average of net quantified socio-economic benefits per passenger car
for the 275 million passenger cars in EU27+3. The numbers presented in Table 6.27 give the
results for the 30% penetration rate. The annual average benefit of motorway ADF measured
per passenger car is €10.8, and it is €94.6 for urban AD
We then calculate the average of the net quantified socio-economic benefits per car with the
relevant ADF installed, of which there are 82.5 million when the penetration rate is 30%.
Then the calculated average increases to €36.1 for motorway ADF and €315.2 for urban
ADF. These estimates of annual net quantified benefits per ADF equipped car are clearly
lower than the annual cost to install the ADF systems for the potential buyer/driver.
Table 6.27: Annual benefits per car with 30% penetration rate in €.
Motorway ADF

Urban ADF

Average net quantified socio-economic
benefits per passenger car

2,982m/275m = €10.8

26,002m/275m = €94.6

Average net quantified socio-economic
benefits per car with the ADF

2,982m/82.5m = €36.1

26,002m/82.5m=€315.2

18.1+87.7+55.7 = €161.5

157.6+62.9+155.0 =
€375.5

Average perceived benefit per
passenger car with the ADF
m: million
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In principle, the benefits perceived by the potential buyer/driver may be higher or lower than
the quantified socio-economic benefits used so far. Most likely, the share of that benefit
perceived relevant for a car with the ADF is lower than 100%. Other types of vehicles benefit
and a (presumably high) share of the quantified benefit is not internalized by a potential
buyer (see Annex 4.1 and Annex 4.2). On the other hand, the value of the ADF outside ODD
(section 6.3.2) and of travel time cost savings (section 6.4.4) are important internalized
benefits, that have not been quantified. Hence, they are not included in the net quantified
benefits.
The numbers in the last row of Table 6.27 take account of the indicated value that have been
calculated for safety impacts of ADF outside ODD and the cost of travel time. The average
perceived benefit per ADF equipped car is calculated by applying the following assumptions:
●

50% of the net quantified socio-economic benefits are internalized by the potential buyer,
i.e. 50% of €36.1 equals to €18.1 for motorway ADF, and 50% of €315.2 equals to €157.6
for urban.

●

50% of accident related benefits outside ODD are internalized (estimated in section 6.8.4),
i.e. 50% of €14,470m/82.5m = €87.7 for motorway ADF and 50% of €10,386m/82.5m =
€62.9 for urban.

●

100% of travel time cost reductions are internalised. The value applied is the average of
12% and 25% travel time cost savings calculated in section 6.8.4, i.e. €4,592m/82.5m =
€55.7 for motorway ADF and €12,788m/82.5m = €155 for urban.

Adding these three benefit components together, the annual perceived benefits per car
owner is expressed. For motorway ADF, the perceived benefits of €161.5 is much lower than
the cost of €537. For urban ADF, the annual perceived benefits are higher, but still lower
than the annual cost: €375.5 vs. €561.
According to Table 6.26, the cost of installing a package of ADFs consisting of motorway,
urban and parking ADF, is less than 20% higher than the separate ADF systems. To
calculate the perceived benefits for the average car owner of acquiring this ADF package, we
can simply add together the estimated perceived benefit for motorway and urban ADF
regarding net quantified benefits and the monetary value indicated for travel time cost
savings. The indicated value for accident related benefits outside the ODD has to be
recalculated, based on information in section 6.8.4, where we also get information to indicate
the perceived value of parking ADF. Then, the value of the perceived benefit for the average
car owner also will include benefits from safety impacts outside the ODDs of motorway and
urban ADF, which is €9,826/82.5 = €119.1, and from parking ADF indicated to be
€2,619m/82.5m = €31.7.
The sum of all these benefits from the ADF package adds up to €537.2 on an annual basis,
which is not much lower than the estimated annual cost of €636. Since all individuals in some
respect differs from the average, regarding their annual amount of travelling as well as the
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experience perceived by making use of front technology, this means that a large number of
potential buyers easily may perceive the benefits to be higher than the cost.
Approaching the individual from the impact assessment survey
In the impact assessment survey, the respondents were asked to state their willingness to
pay (WTP) for four different ADFs: Motorway (without congestion function), traffic jam, urban
and parking10. The weighted average unit WTP and the medians for the different ADFs are
shown in Table 6.28. These values have been calculated based on data from impact
assessment surveys (Bjorvatn et al., in preparation).
Table 6.28: Average and median WTP, €.
Motorway

Traffic jam

Urban

Parking

(without traffic jam)

WTP per unit (weighted average)

3,300

2,485

3,200

1,100

Median WTP

2,000

1,670

2,000

750

Source: Own calculations based on Impact assessment survey

The motorway ADF used in the socio-economic analysis is a combination of the first two
ADFs (motorway and traffic jam). If we simply summarize the weighted average WTPs, we
get €5,785, not far from the unit price of €5,875 as shown in Table 6.26. The sum of the
median is much lower, equaling €3,670.
Summarizing the average WTPs for the whole package results in €10,085, far above the
sales price of €6,900. The sum of the median WTPs is €6,420, much lower, but still close to
the unit sales price. However, both the stated WTP for each ADF and especially the sum of
WTPs for different ADFs (both weighted averages and medians) is likely to overestimate the
true WTP: It is well known that simple WTP-questions meant to test the market potential of a
new consumer good tend to provide overestimation (Boardman et al., 2017). In addition,
answers are reference-dependent; if there had been a question in the questionnaires asking
for the WTP for the whole package of ADFs, with realistic price estimates, the average WTP
would certainly have been considerably lower than the sum of the averages, but possibly
higher than the unit price for each ADF. Also, the median WTP would be lower than the sum
of the medians for each ADF.
The weighted average WTP, and especially the sum of weighted average WTP for several
ADFs, is likely to give a misleading impression of the market potential: A few respondents
have a very high WTP, while 25%–28% of the respondents state a WTP of zero for each
10

The questions addressing willingness to pay in the impact assessment survey were constructed for
each ADF, i.e. for urban, motorway, traffic jam on motorways and parking ADFs. Note that section 6.9
provides supplementary analysis by taking individual drivers’ perspective into account. Therefore, the
investigated WTPs for ADFs in section 6.9 are independent of the estimated impacts of ADFs in this
report, where the motorway’s and traffic jam’s impacts were assessed jointly.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

202

ADF. The median gives a better indication, and it is considerably lower than the weighted
average. In addition, respondents with high WTP for one ADF may have a low WTP for
others.
6.9.3 Summary
When deciding whether or not to buy an L3 car, the only rational choice is to consider a car
with all ADFs installed, i.e. as a whole package.
Our calculations based on the socio-economic analyses seem to indicate that the “average”
car driver on whom the calculations are based, is close to find it worthwhile to buy such a
car. Taken at face value, also the sum of the median WTPs seems to indicate similar results,
but there are reasons to believe that it is overestimated.
Nevertheless, it is fair to believe that there is a potential market for L3 cars, but the size of
that market is not clear.

6.10 Conclusion
6.10.1 General discussion and conclusions
The socio-economic impact assessment has evaluated the social value of using motorway
and urban ADFs. The assessment is based on a socio-economic evaluation of the upscaled
estimates presented in the previous chapters regarding safety, efficiency and the
environment. The monetary value of these impacts has been calculated according to
standard procedures for socio-economic analyses. In addition, the socio-economic impact
assessment has considered potential impacts that have not been quantified. Two of these
are expected to be of particular importance, and calculations are made to indicate their
monetary value. One concerns activation of ADAS components contained in the ADFs
outside their ODD. The other concerns the impact of ADF on travel comfort and the
possibility of engaging in other activities than driving, which in turn affect the cost of travel
time when driving with the ADFs.
For the motorway ADF, the quantified estimates provided by the impact assessments in
L3Pilot are not sufficient to generate net social benefits that exceed the social cost of
implementing the system. The indicated monetary value of safety impacts outside the ODD
of motorway ADF and the impact of ADF on the cost of time spent for traveling, nevertheless
suggests that motorway ADF may well be expected to be profitable from the society’s point
of view if all relevant impacts have been detected and quantified.
As for the urban ADF, the expected net social benefits from accident prevention clearly
exceed the social costs of its implementation. The additional impacts regarding safety
impacts of utilizing components in the urban ADF system outside its ODD, and the impacts
on the cost of travel time when driving with ADF on urban roads, indicate monetary benefits
of a magnitude that may cause the benefit/cost-ratio to reach 2.5–3.5. This is also expected
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to be the case for the implementation of a package consisting of the three ADF systems
regarding motorway, urban and parking.
The main findings for the 30% penetration rate are illustrated in the following Figure 6.1. We
emphasise that the quantified values are more reliable than those indicated. The latter
should be subject to further analysis.

Figure 6.1: Quantified and indicated monetary values regarding costs and benefits for
motorway ADF, urban ADF, and a package of these two and parking ADF, 30% penetration
rate, in million €.
6.10.2 Limitation of the socio-economic impact assessment
The limitations spelt out in Chapter 3, 4 and 5 regarding the impact assessments of ADF also
spill over in the socio-economic analysis. A possible limitation for the socio-economic impact
assessment also concerns uncertainty regarding the producer cost of the ADFs. The
commercially sensitive nature of system costs makes it difficult to get accurate estimates.
The cost estimates are derived from industry experts, which appears the only sensible way to
approach it.
The socio-economic impact evaluation would also have benefited from a more thorough
investigation of impacts of the technology outside the ODDs of the relevant ADF systems,
and impacts of ADF on the cost of travel time.
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In addition, benefits of ADF are not necessarily restricted to what is directly generated by
these systems as such. Greater benefits from higher levels of ADF may accrue in the future,
which would not have been achievable without the stage of technological development
represented by the ADFs considered in L3Pilot. This means that the impacts that are
detected and, hence, the socio-economic results that are derived from the comparative
statics approach, must be interpreted with some caution. Detecting impacts through a
snapshot approach misses out on the dynamics in the underlying processes of technology
development and their economic implications, which may add to benefits that ought to have
been included.
6.10.3 Lessons learned
It is worthwhile to apply a snapshot approach to create a basis for the estimation of economic
impacts. A major focus in L3Pilot has been knowledge development regarding the more
direct impacts of ADF inside their ODD. Future research ought to consider the potential of
impacts more broadly. From the socio-economic impact assessment, it is reasonable to
suggest more attention to safety impacts of utilising components in the ADF systems outside
their ODD, better understanding of how the cost of spending time on travel is affected, and
closer elaboration of potential negative environmental impacts due to how the technology
may affect the amount of travel and the choice of travel modes.
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7 Overall Discussion, Conclusion and Perspectives
This deliverable presents the results of the impact evaluation (or assessment) carried out in
the L3Pilot project. Elements of conceptual approaches, methods, data and tools are also
reported as supplements, summaries or updated to deliverables D3.3 (Evaluation Methods)
and D3.4. (Evaluation Plan).
Specifically, impact evaluation addressed here the potential impacts of automated driving
functions (ADFs) on mobility, traffic safety, traffic efficiency, the environment, as well as the
socio-economic impacts. ADFs regarded in the evaluation are SAE Level 3 ADFs for
passenger cars on motorways and in urban areas, and parking functions.
The mobility impact assessment focused on three main topics: quality of travel (feeling of
comfort, feeling of safety, user uncertainty, user stress), travel patterns (route choices, mode
choices, timing of trips, trips in adverse conditions), and amount of travel (duration of trips,
length of trips, number of trips).
Safety impact assessment concerned the estimation of ADFs’ impact on the number and
likelihood of road accidents and their severity, with breakdowns by driving (relatively short
simulations including a pre-defined manoeuvres / conflict) and traffic (longer simulations
without any pre-defined manoeuvres) scenarios. In addition, a qualitative safety impact
assessment identified safety requirements necessary to achieve a reduction in accident and
injury risks due to ADFs.
As for efficiency and environmental impact assessment, the objective was to assess the
potential impacts in terms of changes in travel time, delay, average speed, energy demand,
fuel consumption, and CO2 emissions.
All impact assessments were conducted considering so-called “mature” motorway and urban
ADFs, as well as parking functions for safety impact. They did not consider any single ADF
tested in the L3Pilot pilots. Mature ADFs are generic functions, which were anticipated to be
as close as possible to those that will be commercialized in the future. The traffic jam ADF
was assessed together with the motorway ADF as a combined function.
The results of the impact assessment were scaled up at EU27+3 level (all EU member
states, the United Kingdom, Norway and Switzerland). For safety, efficiency, and
environmental impact assessments, the scaled-up effects were considered at different
penetration rates of ADFs in the car fleet (at 5%, 10%, 30% and 100%) compared to the
situation as of 2018. An exception to this was safety simulations, for which it was too
complex to simulate crash outcomes for a 100% ADF penetration rate. Subsequently, the
socio-economic assessment was not conducted for that penetration rate either.
The socio-economic impact assessment considered the net welfare effect for the society, in
order to assess whether the benefits of equipping vehicles with ADFs outweigh their costs.
Scaled-up effects were considered at different penetration rates of ADFs in use by
passenger car fleet (5%, 10% and 30%).
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Overall, mobility impact assessment used pilot site questionnaires, surveys in eight
European countries, and focus group discussions as input data, supplemented with
European datasets on mobility. Safety impact assessment used vehicle pilots’ data as well
as external data such as European or national in-depth accident databases, naturalistic
driving studies, insurance collision claims and other data to set up the simulations with
computer driver model or traffic model parameters values. The efficiency and environment
impact assessment used traffic, road and weather data, literature and in-depth expertise of
project partners as inputs for traffic simulations and emissions calculations. The socioeconomic impact assessment used the outcomes of impact assessments on mobility, safety,
efficiency and the environment, as well as monetary values and costs of accidents, fuel, CO2
emissions, travel time and ADF costs.
The overall conceptual and scientific approach was to compare manual driving to automated
driving with the help of questionnaires and surveys (mobility), computer simulations (safety,
traffic efficiency, environment), and cost–benefit analysis (socio-economic impact). All results
were scaled up at the EU27+3 level except safety impact for the parking ADF and efficiency
and environment impacts for the urban ADF. Specific conceptual approaches, statistical
techniques, computer simulations techniques and tools, calculations formulas, hypotheses,
qualitative analysis and limitations, and literature review are thoroughly reported in the core
text or annexes for each of the assessment areas.
Main results
For mobility, the main results showed that:
●

ADFs are likely to increase travel quality by enabling non-driving related activities and
increasing travel comfort. Leisure activities and interacting with passengers were often
mentioned as preferred activities during automated driving. However, experience of travel
quality depends on the individual traveller, and some travellers may also experience that
ADF would decrease their travel quality.

●

On average, increased travel quality may decrease the perceived costs of travelling by
car. Value of travel time savings estimates vary between 12% and 25%.

●

Some drivers expect to switch to routes within the ODD.

●

90% of participants would accept additional travel time on a route within ODD if they
would not need to drive themselves.

●

Cars with ADFs are expected to make driving under demanding or stressful conditions
feel easier, for example during the rush hour or when fatigued. Consequently, drivers may
be willing to drive more under these conditions. Experiencing that currently fatigue or
darkness restrict driving was positively associated with expecting to travel more by ADFequipped cars than now.

●

Some travellers expect to partially switch from using public transport or active travel
modes to car driving even though most travellers do not expect changing their use of
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public transport or active travel modes due to introduction/availability of ADFs.
Specifically, surveys showed twice as many respondents expecting to decrease the use of
public transport (26%–29%) than those expecting to increase its use (12%–15%).
●

Travelling longer trips by car is expected to become more attractive. Some travellers may
also start making completely new trips. However, the majority of participants do not expect
to increase the amount of travel.

Safety impact assessment concluded that:
●

Overall, automated driving is capable of reducing the number of injury accidents. For the
motorway ADF, the reduction of all road accidents might not appear to be large (0.1%–
1.2%, depending on the penetration rate and accident severity). However, considering the
already high safety status of motorways, the reduction potential is large both on
motorways in general (2.0%–19.0%) and within the ODD (3.8%–27.6%). For the urban
ADF, the reduction of all road accidents is 0.8%–10.2%, depending on penetration rate
and accident severity.

●

A positive effect in terms of reduction of accidents is expected for most of the analyzed
scenarios. For the motorway ADF, an increase of number of accidents was assessed for
the “Minimal risk maneuver” scenario and a minor one for the “Wrong activation” scenario.
For the urban environment, a reduction in number of accidents is expected for all
simulated driving scenarios.

●

Overall, the number of fatal accidents on motorways is estimated to be reduced by 2.0%
(5% penetration rate), 4.2% (10% penetration rate) and 13.1% (30% penetration rate). In
relation to the target accidents of the ODD, this is equivalent to 3.8%, 8.0% and 25.1%. In
the urban environment, the corresponding estimates were 2.0%, 4.1% and 12.2%, and
respectively 4.3%, 8.6% and 25.9%.

●

Overall, on the motorways, the number of accidents with serious injuries is reduced by
2.3% (5% penetration rate), 5.1% (10% penetration rate) and 15.2% (30% penetration
rate). In relation to the target accident of the ODD this is equivalent to 4.0%, 8.8% and
26.3%. In the urban environment, the corresponding estimates were 2.3%, 4.5% and
13.5%, and respectively 4.2%, 8.3% and 24.9%.

●

Overall, on the motorways, the number of accidents with slight injuries is reduced by 2.9%
(5% penetration rate), 6.3% (10% penetration rate) and 19.0% (30% penetration rate). In
relation to the target accident of the ODD, this is equivalent to 4.2%, 9.2% and 27.6%. In
the urban environment, the corresponding estimates were 2.4%, 4.8% and 14.5%, and
respectively 4.0%, 8.0% and 23.9%.

●

For parking ADF, the avoidable share of all insurance collision claims can reach 7% for a
penetration rate of 30%, and probably more than 20% for a penetration rate of 100%,
depending on usage rates.
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●

The qualitative safety impact assessment identified 63 macro safety requirements that are
to be fulfilled to completely achieve these safety benefits. The safety requirements are
technology related (sensors, actuators, and algorithms), HMI related or driver related
(mental model, perception of automation, procedures, etc.). Moreover, assuming that
better speed compliance, lower speeds, lower speed variances, and longer time
headways compared to manual driving are more likely to be associated with automated
driving and with a lower accident risk, the positive safety benefits are in line with
expectations. Behind lower speeds and longer time headways is technology design in the
ADFs (perception and decision algorithms).

The efficiency and environmental impact assessments concluded that:
●

Both positive effects for efficiency in terms of decreases in travel time (up to 8%–14% on
motorways), as well as delays (up to 17%–36% on motorways) are possible in situations
with high traffic volumes and with 100% penetration rate among passenger cars.

●

Regarding the environment, positive effects in terms of decreases in CO2 emissions (up to
20% on motorways) are possible in high traffic volumes and with 100% penetration rate.

●

In low traffic volumes, effects are small and can be positive or negative, depending on the
changes to average speeds.

●

ADFs have the potential to smoothen traffic flow by introducing more stable driving
behaviour compared to human drivers and decrease standard deviation of travel time in
low and high traffic volumes.

●

Scaled up to EU27+3 level, the expected impacts are overall positive but small (less than
1% decrease of CO2 emissions and less than 3% decrease of energy demand, for all
penetration rates between 5% and 100%) as most vehicle kilometres are travelled in low
traffic volumes, where no large impacts were detected.

●

The scaled-up impact on travel time and delay on the European level was estimated to be
small, at an increase of less than 2%. However, there may also be positive impacts on
these indicators, on a local level, for example on regularly congested urban motorways.

Socio-economic analyses concluded that:
●

For motorway ADF, benefit–cost ratio for quantified impacts is substantially lower than 1
for all penetration rates, implying that the benefits of motorway ADF do not outweigh its
costs. However, this ADF system may be profitable from the society’s point of view if all
relevant impacts had been addressed. That is, when adding non-quantified benefits (e.g.,
reduction in accidents outside its ODD due to inbuilt (AD) sensors in motorway ADF, and
impact on travel time cost savings when driving with ADF), it is likely that the benefit–cost
ratio may increase to above 1.

●

For urban ADF, the expected net social benefits from accident prevention clearly exceed
the social costs of implementing the ADF for all penetration rates. Likewise, the additional
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impacts considered regarding safety impacts of inbuilt sensors in urban ADF on accidents
occurring outside its ODD, and the impacts on travel time costs when driving with this
ADF on urban roads, indicate monetary benefits on a level that exhibit a benefit–cost ratio
of more than 2.5.
●

Finally, it is likely the case that a package consisting of all ADFs, i.e. with motorway, urban
and parking, would generate social benefits that exceed the social costs of installing such
a package.

●

Differences in the socio-economic impact assessment results for the motorway and urban
ADFs are primarily related to traffic accidents. While approximately two-thirds of all injury
accidents occur in urban areas, less than 15% of these accidents happen on motorways.
Therefore, the number of preventable or mitigatable accidents is higher in urban areas
than on motorways, leading to higher monetarized safety benefits for urban ADF.

Limitations and discussion
Results are conditioned to availability/reliability of data, assumptions, methods and techniques,
which all have their own limitations and restrictions. They are reported in detail for each
assessment area in chapters 3 to 6. Below is the selection of the main limitations:
Mature L3Pilot ADF
The provided results are valid for the so-called mature ADFs, which are approximations of
what real ADFs will be like. It is however expected that the mature ADFs used in the
simulations, although simplified, are adequately representative of the forthcoming real-life
ADFs and that the overall validity of the results will not be dramatically affected by the
simplification.
Reduction of complexity in driving and traffic scenarios
To cope with the large variety of driving and traffic scenarios, especially in urban areas, a
reduction in the number of real-life scenarios and simplification of possible parameters
considered within each scenario had to be done in the simulations. This had as consequence
that not all factors that may influence the safety and traffic impacts could be considered.
Especially variations in the road network could not be reproduced in detail. Despite this
shortcoming, the assessment of impacts of ADFs on traffic efficiency and accidents via
computer simulations (the effectiveness assessment method used in L3Pilot) compared to
other approaches proposed in the literature remains the most promising approach for such
assessments.
Projection of conjectured future worlds, and subjective perceptions
For example, mobility impact assessment was a future-oriented activity. Because there was
not yet data on the realised changes in personal mobility due to automated driving, it was
necessary to conduct the assessment on the basis of people’s attitudes and expectations,
which was thus subject to individuals’ subjective perceptions.
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Limitations of data and assumptions
As for safety impact, the L3Pilot pilot database included pre-defined indicators per recorded
driving situation. Thus, no time series data were available from the L3Pilot data collection. This
limited the possibility of parameterizing and validating the simulations in the safety impact
assessment. Instead, other data sources outside L3Pilot had to be utilized for setting up the
simulations.
As for computer simulations, they required driver models to define behaviour of vehicles in the
baseline simulations and in some ADF situations. Since the behaviour of human drivers is
complex, the models can only approximate this behaviour. In addition, the behavior of ADFs
in lane change situations and the interactions with manually driven vehicles are not known and
thus may not be simulated accurately.
Injury risk functions used for the severity outcome of accidents are those extracted and
adapted from the literature. Other risk functions would probably have produced slightly different
results. Simulations are obviously very sensitive to the parameter values used in the
simulations. However, the extent to which this is the case is probably not possible to tell since
sensitivity analysis was not systematically performed.
As for accidents involving only property damage, they are not recorded in the EU CARE
accident database. Subsequently, only impacts on injury accidents were scaled up within
safety impact assessment.
Estimates of parking ADF’s effectiveness was conducted by analysing insurance collision
claims in one country. No scaling up could be done for parking ADF as parking accidents
seldom lead to injury accidents, and a European level database was available only for
accidents with injuries. Notwithstanding the fact that insurance collision claims have their own
specificity and complexity (especially, one accident can result in one claim or two claims, and
identification of addressable accidents by parking ADF is not straightforward), effectiveness
estimate should be considered the most reasonable estimate for parking ADF.
For the efficiency impact assessment, the amount and level of detail of traffic data on
motorways varied extensively among the EU27+3 countries. Despite significant effort put into
data collection, data was not found for all countries, and only some countries provided hourly
traffic data that was needed for the assessment. It was also assumed that the VKT on
motorways was driven with the average fleet of passenger cars, which may differ from the real
situation, as newer cars are likely to be driven more than old ones. This could lead to
overestimation of emissions impacts. In scaling up, effects were matched with the same VKT
estimates for all penetration rates, despite decreased throughput in the highest traffic volumes.
Therefore, the amount of travel in the highest traffic volumes may be larger than assumed with
full penetration, and effects larger.
For the socio-economic assessment, some effects were not quantifiable (e.g., safety impacts
outside ODD, travel time reliability, perceived risk of accidents) or were at best estimated by
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independent experts (cost of producing and maintaining ADFs). This led to uncertainty for
some values but did not jeopardize the final conclusions of the cost–benefit analysis, as
confirmed by the sensitivity analyses that were carried out.
Scope of impact
The socio-economic impact assessment would have benefited from a more thorough
investigation of impacts outside the ODDs, because ADF’s inbuilt sensors can improve the
performance of ADAS on other roads and impacts of ADFs on the cost of travel time.
In addition, benefits of ADFs are not necessarily restricted to what is directly generated by
these systems as such. Greater benefits from higher automation levels of ADFs may accrue
in the future, which would not have been achievable without the stage of technological
development represented by the ADFs considered in L3Pilot. This means that the impacts that
were detected – and, hence, the socio-economic results that were derived from the
comparative statics approach – must be interpreted with some caution. Estimating impacts
through a snapshot approach misses out on the dynamics in the underlying processes of
technology development and their economic implications, which may add to benefits that ought
to have been included.
Concluding remarks
L3Pilot assessed the impacts of passenger car ADFs for motorways, urban areas and parking
on mobility, traffic safety, traffic efficiency and CO2 emissions, and estimated the overall social
welfare effects on the basis of the monetarisation of the impacts and the estimation of
production costs of ADFs. L3Pilot did not analyse any other automated vehicles such as public
transport, robot taxis, or heavy-duty vehicles. The assessments made use of data collected
from 18 pilots conducted in 2019 and 2020 in 7 countries, mostly during the COVID-19
pandemic crisis. The collected data corresponded to 400,000 kms driven, 50% in AD mode,
by 750 participants (ordinary drivers, professional drivers and passengers). All types of data
collected were constructed to feed the impact assessments as well as the user acceptance
and technical and traffic assessments (deliverables D7.1, D7.2 and D7.3). Data other than the
pilot ones completed the whole picture and made the assessments successful. It is worth
mentioning that this type of large-scale multicentric research on automated driving is
pioneering in Europe and followed other European projects such as AdaptIVe, which paved
the way for such ambitious initiatives in the 2010s. L3Pilot benefited from the experience of all
European OEMs, suppliers and major universities and research institutes in Europe. Scientific
methods used for assessment were thoroughly updated methods for impact assessment,
adapted for the specific cases of passenger car automation. The FESTA general approach
developed for FOTs in the late 2000s was the initial methodological foundation for L3Pilot, but
it was successfully extended, improved and enriched by state-of-the-art operational methods
and tools developed specifically in or for L3Pilot.
The results shed light on likely positive benefits for the society due to the introduction of ADFs
on motorways, in the urban environment and for parking. Results of the impact assessment on
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safety showed potential reductions in injury and fatal accidents both within the ODDs of
motorway and urban ADFs, and rough estimates of accident prevention were also given for
roads outside their ODDs. As for efficiency and the environment, the results indicated a slight
decrease in fuel consumption and CO2 emissions, and a slight increase in travel times
compared to the baseline. For the motorway ADF, benefit–cost ratio was less than 1 when we
considered only the quantified effects. However, the non-quantitative impacts were in general
beneficial for the society. Therefore, even though the quantified estimates are not sufficient to
generate net benefits that exceed the cost of motorway ADF, this ADF may be expected to be
beneficial for the society. For the urban ADF, the benefits for the society of the quantified
effects outweighed the costs for all penetration rates.
The mobility impact assessment also shows a certain propensity toward the use of automated
vehicles, which are often associated with better quality of travel. Overall, positive expected
impacts are associated with positive attitudes towards automation. The studies of user
representation and potential for acceptance showed both high expectations for safety and high
potential for acceptance for participants who experienced the L3Pilot prototypes (see D7.1
Annual quantitative survey about user acceptance towards ADAS and vehicle automation,
Nordhoff et al., 2021; D7.3 Pilot Evaluation Results, Weber et al., 2021).
From the methodological viewpoint, much effort was directed towards identifying, from the
beginning of the project, suitable experimental procedures and evaluation methodologies, and
then to collecting data for the assessments. In case it was not available or not sufficiently
reliable, proxy and supplementary data was used from other sources or from the recent
literature. The most up-to-date simulation techniques and tools were applied. Particular
attention was paid to developing scaling-up techniques to make all results representative at
the EU level whenever possible. This is seldom done at this level of elaboration, detail and
accuracy, and this should certainly be adopted for follow-up projects.
Similar to human beings, technology is not perfect and has limitations. The Code of Practice
for the development of ADFs, also an outcome of the L3Pilot project (D2.3 Code of Practice
for the development of automated driving functions, Cao et al., 2021) proposes practical
guidance to develop safe, operational and human compatible automated functions for
passenger cars that could also be used, to a certain extent, for other types of road transport
automation. It is anticipated that functional safety and safety of the intended functionality, at
their highest level, will produce in the future automated vehicles that will bring overall benefits
for the whole society, as this report positively concludes.
Mobility Impact Assessment
Mobility impact assessment of AVs has to understand who the potential users of AVs are, how
they will use AVs in their daily life, and how AVs could transform their daily life and the society
surrounding them. This requires interdisciplinary understanding of the psychological,
sociological and technological factors and of their dynamical interactions. The current
investigation was focused on how the user experience influences travel quality and may induce
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changes in travel behaviour. Such analysis could be supplemented by focusing more on the
context where automated driving would be performed, e.g., by analysing individual trips based
on travel diaries and considering the effects of automation on those.
Even though L3Pilot focused exclusively on passenger car automation, automated public
transport, shuttles, robot taxis will certainly also have a large impact on passenger mobility and
modal split. Mobility research should therefore look more deeply in mobility impact in an
increasing holistic approach from now on.
Safety Impact Assessment
From a methodological viewpoint, assessing the safety benefits of automated driving is a
complex and demanding topic, in terms of both the amount of driving scenarios considered as
well as for the simulations themselves. During the simulations, the tools reached their limits,
which led to the outcome that not all planned scenarios could be investigated and the 100%
penetration rate option could not be simulated. Of course, the implementation can be
improved, and more computation power will be available in the future, but the efforts and time
required for computation should not be underestimated in the future.
From a technical perspective, the format of input data needs to be considered. In L3Pilot, a
database was set up to provide the data from the pilot experiments for the different
assessments. Limitations for the safety impact assessment occurred from the format of
database. Due to confidentiality reasons and the avoidance of benchmarking between different
ADFs in the pilot, it was not possible to share time series data. This limited the utilization of the
data for certain approaches in the safety impact assessment. Therefore, in the future, further
options for providing data should be evaluated that allow for sharing time series data while
maintaining required levels of anonymisation.
Efficiency and Environment Assessment
A comprehensive and flexible methodology was developed for the simulation and scaling up
of ADF impacts for motorways, taking into account the variations in motorway layouts, traffic
volumes and speed limits across the EU27+3 countries. This method can be further improved
in the future by adding more data from traffic volume measurements and improving the driver
models of the simulations. More accurate traffic models together with a more detailed analysis
of the local impacts, e.g., on urban motorways, would provide insights into how to make best
use of the ADFs.
In future work, it would be worthwhile to apply a similar methodology also to other
environments, when more data e.g., on typical urban road networks and traffic volumes is
available.
Socio-economic Impact Assessment
It is worthwhile to apply a snapshot approach to create a basis for the estimation of economic
impacts of ADFs. A major focus in L3Pilot was knowledge development regarding the direct
impacts of ADFs inside their ODD. Future research should consider their potential impacts
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more broadly. From the socio-economic impact assessment point of view, it is reasonable to
suggest more attention to the safety impacts of utilizing components in the ADF systems
outside their ODD. In addition, future research is needed for better understanding of how the
cost of spending time on travel is affected when driving with ADF-equipped vehicles, and closer
elaboration of potential negative environmental impacts, as a result of increased amount of
travel and the change in other travel modes to ADF-equipped vehicles.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

215

References
ACEA (2019). Vehicles in use – Europe 2019. European Automobile Manufacturers
Association, https://www.acea.auto/files/ACEA_Report_Vehicles_in_useEurope_2019–1.pdf
ACEA (2021) The Automobile Industry Pocket Guide,
https://www.acea.auto/uploads/publications/ACEA_Pocket_Guide_2020–2021.pdf
Alvarez, S. (2017). Safety benefit assessment, vehicle trial safety and crash analysis of
automated driving: a Systems Theoretic approach, doctorale thesis Université de
recherche Paris Sciences et Lettres, PSL Research University,
https://www.theses.fr/2017PSLEM006.pdf
Anciaes, P., Jones, P. (2018). Patterns of congestion in European cities, D3.4 of the
CREATE project (Congestion Reduction in Europe: Advancing Transport Efficiency)
ASAM OpenDrive (2021). OpenDRIVE, Standard,
https://www.asam.net/standards/detail/opendrive/
ASAM OpenScenario (2021). OpenScenario, Standard,
https://www.asam.net/standards/detail/openscenario/
Bahouth, G., Digges, K., Schulman, C. (2012). Influence of injury risk thresholds on the
performance of an algorithm to predict crashes with serious injuries, 56th AAAM
Conference, Annals of Advances in Automotive Medicine 56, 223–230
Bahouth, G., Graygo, J., Digges, K., Schulman, C., Baur, P. (2014). The benefits and
tradeoffs for varied high-severity injury risk thresholds for advanced automatic crash
notification systems, Traffic Injury Prevention 15, Supplement 1, 143–140
Bareiss, M., Gabler, H. (2020). Estimating near side crash injury risk in best performing
passenger vehicles in the United States, Accident Analysis and Prevention 138, April
Beggiato, M., Pereira, M., Petzoldt, T., Krems, J. (2015). Learning and development of trust,
acceptance and the mental model of ACC. A longitudinal on-road study,
Transportation Research Part F: Traffic Psychology and Behaviour 35, 75–84
Bock, J., Krajewski, R., Moers, T., Runde, S., Vater, L., Eckstein, L. (2019). The inD Dataset:
a drone dataset of naturalistic road user trajectories at German intersections,
arXiv preprint, arXiv:1911.07602

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

216

Borrack, M., Gwehenberger, J., Schatz, J., Feig, P. (2017). Aktuelle Forschungsergebnisse
zur Wirksamkeit von Fahrerassistenzsystemen mit zunehmendem
Automatisierungsgrad, In: VKU – Verkehrsunfall und Fahrzeugtechnik, pp.378–385,
November
BSI (2020). Operational Design Domain (ODD) taxonomy for an automated driving system
(ADS) – Specification, British Standards Institution,
https://www.bsigroup.com/globalassets/localfiles/en-gb/cav/pas1883.pdf
Boadman, A. E., Greenberg, D. H., Vining, A. E., Weimer, D. L. (2017). Cost-benefit analysis:
concepts and practice, Cambridge University Press
Calvert, S., Schakel, W. J., Lint, J. W. C. Van. (2017). Will automated vehicles negatively
impact traffic flow? Journal of Advanced Transportation, 1–23,
https://doi.org/10.1155/2017/3082781
Calvi, A., D’Amico, F., Ferrante, C., Bianchini Ciampoli, L. (2020). A driving simulator study
to assess driver performance during a car-following maneuver after switching from
automated control to manual control, Transportation Research Part F: Traffic
Psychology and Behaviour 70, 58–67, doi: 10.1016/j.trf.2020.02.014
Carsten, O. M., Tate, F. N. (2005). Intelligent speed adaptation: accident savings and cost–
benefit analysis, Accident Analysis & Prevention 37(3), 407–416
Chajmowicz, H., Saade, J., Cuny, S. (2019). Prospective assessment of the effectiveness of
autonomous emergency braking in car-to-cyclist accidents in France, 63rd AAAM,
October 15–18, Madrid, Spain
Chau, C., Liu, Q. (2021). Driver modelling for virtual safety assessment of automated vehicle
functionality in cut-in scenarios: accumulation model development using SHRP2 data.
(Masters thesis). Chalmers University of Technology, Gothenburg, Sweden
Cicchino, J. B. (2017). Effectiveness of forward collision warning and autonomous
emergency braking systems in reducing front-to-rear crash rates, Accident Analysis &
Prevention 99, Part A, 142−152
Cicchino, J. (2019). Real-world effects of rear automatic braking and other backing
assistance systems, Journal of Safety Research 68, 41–47.
https://doi.org/10.1016/j.jsr.2018.12.005

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

217

Combs, T. S., Sandt, L. S., Clamann, M. P., McDonald, N. C. (2019). Automated vehicles
and pedestrian safety: exploring the promise and limits of pedestrian detection,
American Journal of Preventive Medicine 56(1), 1–7
COWI (2013). Micro Simulation of Cyclists in Peak Hour Traffic, City of Copenhagen
Document No A028928–004
Cuny, S., Chajmowicz, H., Yong, K., Hermitte, T., Lecuyer, E., Bertholon, N. (2018). A tool to
assess pedestrian safety: risk curves by injury severity and their confidence intervals
for car-to-pedestrian front collision, IRCOBI 2018, September 12–14, Athens, Greece,
pp 251–260
de Jong, G. Gunn, H. (2001). Recent evidence on car cost and time elasticities of travel
demand in Europe, Journal of Transport Economics and Policy 35, 24
de Winter, J. C. F., Happee, R., Martens, M. H., Stanton, N. A. (2014). Effects of adaptive
cruise control and highly automated driving on workload and situation awareness: a
review of the empirical evidence, Transportation Research Part F, 27, 196–217
Doecke, S., Baldock, M., Kloeden, C., Dutschke, J. (2020). Impact speed and the risk of
serious injury in vehicle crashes, Accident Analysis and Prevention, 144, September
DeSerpa, A. C. (1971). A theory of the economics of time, The Economic Journal 81(324),
828, https://doi.org/10.2307/2230320
Do, W., Rouhani, O. M., Miranda-Moreno, L. (2019). Simulation-based connected and
automated vehicle models on highway sections: a literature review, Journal of
Advanced Transportation, https://doi.org/10.1155/2019/9343705
Drees, L., Bahouth, G. 2021. Field effectiveness of advances driver assistance systems
based on accident data, Presentation held in Government/Industry Digital Summit,
February 2–3
Ecoplan (2018). Abschätzung der ökonomischen Folgen der Digitalisierung in der Mobilität,
Machbarkeitsstudie, Bern
Eijk, A., Ligterink, N., Inanc, S. (2014). EnViVer 4.0 Pro and Enterprise Manual
euroFOT (2012). Overall Cost-Benefit Study, Deliverable D6.7. Deliverable D6.7 of euroFOT
project
Fabio, U., Broy, M., Brüngger, R., Eichhorn, U., Grunwald, A., Heckmann, D., Hilgendorf, E.,
Kagermann, H., Losinger, A. Lutz-Bachmann, M, Lütge, C., Markl, A., Müller, K.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

218

Nehm, K. (2017). Ethics Commission: automated and connected driving, Report of
ethics commission appointed by the federal minister of transport and digital
infrastructure
FOT-Net and CARTRE (2018). FESTA Handbook on FOT Methodology (Version 7)
Elvik, R. (2009). The non-linearity of risk and the promotion of environmentally sustainable
transport, Accident Analysis & Prevention 41(4), 849–855,
https://doi.org/10.1016/j.aap.2009.04.009
Elvik, R., Bjørnskau, T. (2005). How accurately does the public perceive differences in
transport risks? Accident Analysis & Prevention 37(6), 1005–1011.
https://doi.org/10.1016/j.aap.2005.05.003
Elvik, R., Vaa, T., Høye, A., Sørensen, M. (2009). Handbook of road safety measures,
second edition, Emerald
European Commission. (2019). Observatory,
https://ec.europa.eu/transport/road_safety/specialist/observatory_en (accessed 27
June 2019)
European Commission (2021). Going abroad,
https://ec.europa.eu/transport/road_safety/going_abroad/index_en.htm (accessed
June 2021)
Euro NCAP (2017). Test Protocol – AEB systems, version 2.0.1
European New Car Assessment Programme (Euro NCAP) (2021). Test Protocol – AEB Carto-Car Systems, version 3.0.2, April 2021,
https://cdn.euroncap.com/media/62794/euro-ncap-aeb-c2c-test-protocol-v303.pdf
EUROSTAT (2021). NUTS (Nomenclature of territorial units for statistics)
Fagnant, D. J., Kockelman, K. M. (2018). Dynamic ride-sharing and fleet sizing for a system
of shared autonomous vehicles in Austin, Texas, Transportation 45(1), 143–158,
https://doi.org/10.1007/s11116–016-9729-z
Fahrenkrog F. (2016). Wirksamkeitsanalyse von Fahrerassistenzsystemen in Bezug auf die
Verkehrssicherheit, PhD thesis, RWTH Aachen University, Germany
Fahrenkrog, F., Wang, L., Platzer, T., Fries, A., Raisch, F., Kompaß, K. (2019). Prospective
safety effectiveness assessment of automated driving functions: from the methods to
the results, 26th ESV Function

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

219

Fahrenkrog, F., Wang, L., Rösener, C., Sauerbier, J., Breunig, S. (2017), Impact analysis for
supervised automated driving applications, Deliverable D7.3, AdaptiVe
Favaró, F. M., Nader, N., Eurich, S. O., Tripp, M., Varadaraju, N. (201)7. Examining accident
reports involving autonomous vehicles in California, PLoS ONE 12(9), e0184952,
https://doi.org/10.1371/journal.pone.0184952
Ferrara, A., Sacone, S., Siri, S. (2018). Freeway traffic modelling and control, Springer
Fildes, B., Keall, M., Bos, N., Page, Y., Pastor, C., Pennisi, L., Rizzi, M., Thomas, P. Tingvall,
C. (2015). Effectiveness of low speed autonomous emergency braking in real-world
rear-end crashes, Accident Analysis & Prevention 81, 24−29
Fredriksson, R., Ranjbar, A., Rosén, E. (2015). Integrated bicyclist protection systems:
potential of head injury reduction combining passive and active protection systems,
24th ESV 2015, June 8–11, Gothenburg, Sweden
Follmer, R., Pirsig, T., Belz, J., Brand, T., Eggs, J., Ermes, B., Gruschwitz, D., Kellerhoff, J.,
Roggendorf, M. (2019). Mobilität in Deutschland: MiD Regionalbericht Metropolregion
Hamburg und Hamburger Verkehrsverbund GmbH. Studie von infas, DLR, IVT und
infas 360 im Auftrag des Bundesministeriums für Verkehr und digitale Infrastruktur
(FE-Nr. 70.904/15), Bonn, Berlin
Forster, Y., Hergeth, S., Naujoks, F., Beggiato, M., Krems, J. F., Keinath, A. (2019). Learning
to use automation: behavioral changes in interaction with automated driving systems,
Transportation Research Part F: Traffic Psychology and Behaviour 62, 599–614, doi:
10.1016/j.trf.2019.02.013
Gawron, J., Keoleian, G., De Kleine, R., Wallington, T., Kim, H.C. (2018). Life cycle
assessment of connected and automated vehicles: sensing and computing
subsystem and vehicle level effects, Environmental Science and Technology 52(5),
3249–3256, doi: 10.1021/acs.est.7b04576
Geistefeldt, J., Giuliani, S., Busch, F., Schendzielorz, T., Haug, A., Vortisch, P., Leyn, U.,
Trapp, R. (2017). HBS-konforme Simulation des Verkehrsablaufs auf Autobahnen
[HBS-conform simulation of freeway traffic flow], Berichte der Bundesanstalt für
Straßenwesen, Heft V279
Gwehenberger, J., Borrack, M. (2015). Influence of driver assistance systems on insurance
claims, ATZ – Automobiltechnische Zeitschrift, October, 60–65

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

220

Hamdy Shams El Din, A. Takkoush, M., Pettersson, N., Hukunte Gopinath, S. (2020a). TME180 final report variables extraction and trajectory reconstruction for modelling driver
behaviour, student project, Chalmers University of Technology, Sweden
Hamdy Shams El Din, A. (2020b). Statistical modelling of critical cut-ins for the evaluation of
autonomous vehicles and advanced driver assistance systems, MSc thesis, Chalmers
University of Technology
Hankey, J., Perez, M., McClafferty, J. (2016). Description of the SHRP2 2 naturalistic
database and the crash, near-crash, and baseline data sets, Task report, Virginia
Tech Transportation Institute, Blacksburg, Virginia, USA
Hardman, S. (2021). Investigating the decision to travel more in a partially automated electric
vehicle, Transportation Research Part D: Transport and Environment 96, 102884,
https://doi.org/10.1016/j.trd.2021.102884
He, Y., Wang, P., Chan, C. Y. (2019). Understanding lane change behavior under dynamic
driving environment based on real-world traffic dataset, 2019 5th International
Conference on Transportation Information and Safety (ICTIS) (pp. 1092–1097), IEEE
Hoel, M., Moss, A., Vennemo, H. (2020). Kalkulasjonspris for CO2 og utslipp av CO2 i
transportmodellen (Calculation price for CO2 and emissions of CO2 in the transport
model, in Norwegian), Vista Analyse, Report 2020/03
Hussain, Q., Feng, H., Grzebieta, R., Brijs, T., Jake, O. (2019). The relationship between
impact speed and the probability of pedestrian fatality during a vehicle-pedestrian
crash: a systematic review and meta-analysis, Accident Analysis and Prevention 129
(August), 241–249
ICCT (2019). European vehicle market statistics, Pocketbook 2018/19
Innamaa, S., Smith, S., Barnard, Y., Rainville, L., Rakoff, H., Horiguchi, R., & Gellerman, H.
(2018). Trilateral Impact Assessment Framework for Automation in Road
Transportation: Version 2.0. https://connectedautomateddriving.eu/wpcontent/uploads/2018/03/Trilateral_IA_Framework_April2018.pdf
Innamaa, S., Axelson-Fisk, M., Borgarello, L., Brignolo, R., Guidotti, L., Martin Perez, O.,
Morris, A., Paglé, K., Rämä, A., Wallgren, P. & Will, D. (2013). Impacts on Mobility –
Results and Implications. Large Scale Collaborative Project TeleFOT, 7th Framework
Programme, INFSO-ICT 224067. European Commission 2013 No: Deliverable
D4.4.3.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

221

Innamaa, S., Rämä, P., Hogema, J., Kroon, L., Heinig, I., Schindhelm, R., Ojeda, L., Servel,
A., Visintainer, F., Giosan, I. (2014). Safety impacts of cooperative systems: DRIVE
C2X deliverables, Internal Report, European Commission EC
Innamaa, S., Silla, A., Aittoniemi, E., Weber, H., Bjorvatn, A., Borrack, M., Fahrenkrog, F., Di
Lilo, L., Gwehenberger, J., Merat, N., Lehtonen, E., Metz, B., Louw, T., Page, Y.,
Malin, F., Shi, E., Penttinen, M., Sintone, H., Schindhelm, R. (2020). Deliverable
D3.4: evaluation plan, Deliverable D3.4 of L3Pilot project
Insurance Europe (2019). European Motor Insurance Markets February 2019,
https://www.insuranceeurope.eu/publications/465/european-motor-insurancemarkets/
International Transport Forum (2019). What is the value of saving travel time? Summary and
conclusions, Roundtable 176, OECD
ISO/PAS 21448 (2019). Road vehicles: safety of the intended functionality, ISO standard
ISO/PAS 21448:2019
ISO 26262 (2018). Road vehicles: functional safety, ISO standard series ISO 26262
James, R. M., Melson, C., Hu, J., Bared, J. (2019). Characterizing the impact of production
adaptive cruise control on traffic flow: an investigation, Transportmetrica B 7(1), 992–
1012, https://doi.org/10.1080/21680566.2018.1540951
Jara-Diaz, S. (2020). Transport and time use: the values of leisure, work and travel,
Transport Policy 86, A7–A13, https://doi.org/10.1016/j.tranpol.2019.12.001
Jonkers, E., Wilmink, I., Nellthorp, J., Gühnemann, A., Olsatm, J. (2016). Costs and benefits
of green driving support systems, deliverable 54.1 of the ecoDriver project
Josten, J., Kotte, J., Eckstein, L. (2019). Expectations of non-automated road users for
interactions in mixed traffic, in Stanton N. (ed.), Advances in human aspects of
transportation, AHFE 2018. Advances in Intelligent Systems and Computing, 789,
Springer, https://doi.org/10.1007/978–3-319–93882–5 42
Isaksson-Hellman, I., Norin, H. (2005). How thirty years of focused safety development has
influenced injury outcome in Volvo cars, 49th AAAM Annual Scientific Conference,
Boston, MA
Kaduk, S. I., Roberts, A. P. J., Stanton, N. A. (2020). Driving performance, sleepiness,
fatigue, and mental workload throughout the time course of semi-automated driving:

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

222

experimental data from the driving simulator, Human Factors and Ergonomics in
Manufacturing & Service Industries 31, 143–154, doi: 10.1002/hfm.20875
Kitajima, S., Shimono, K., Tajima, J., Antona-Makoshi, J. & Uchida, N. (2019). Multi-agent
traffic simulations to estimate the impact of automated technologies on safety, Traffic
Injury Prevention 20(1), 58−64
Kiuchi, T., Motomura, Y., Matsumoto, H., Mashiko, K. (2015). Pilot study on advanced
automatic collision notification and helicopter emergency medical service system in
Japan, 24th ESV, paper number 15–0415
Kouwenhoven, M., de Jong, G. (2018). Value of travel time as a function of comfort, Journal
of Choice Modelling 28, 97–107, https://doi.org/10.1016/j.jocm.2018.04.002
Kröger, L., Kuhnimhof, T., Trommer, S. (2019). Does context matter? A comparative study
modelling autonomous vehicle impact on travel behaviour for Germany and the USA,
Transportation Research Part A: Policy and Practice 122, 146–161,
https://doi.org/10.1016/j.tra.2018.03.033
Kulmala, R. (2010). Ex-ante assessment of the safety effects of intelligent transport systems,
Accident Analysis & Prevention 42(4), 1359−1369
Kühlwein, J. (2016). Driving resistances of light-duty vehicles in Europe: present situation,
trends, and scenarios for 2025, Communications 49(30), 847129–102
Kühn, M., Bende, J. (2019). Accidents involving cars in automated mode: which accident
scenarios will (not) be avoided by level 3 systems? Corpus ID: 198166327
Kullgren, A. (1998). Validity and reliability of vehicle collision: crash pulse recorders for
impact severity and injury risk assessment in real-life frontal impacts, PhD
dissertation, Department of Clinical Neuroscience, Karolinska Institute, Stockholm
Kuniyuki, H. (2013). Comparison of an injury prediction algorithm for Japan and the US using
field accident data, IRCOBI
Kuisma, S., Louw, T., Torrao, G. (2019, October 21). Assessing mobility impacts of
automated driving in L3Pilot, 26th ITS World Conference, Singapore
L3Pilot. (2021). Poll: energy consumption caused by sensors and computer systems for
ADFs, retrieved from virtual meeting
Lehtonen, E., Malin, F., Innamaa, S., Nordhoff, S., Louw, T., Bjorvatn, A., Merat, N. (2021).
Are multimodal travellers going to abandon sustainable travel for L3 automated

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

223

vehicles? Transportation Research Interdisciplinary Perspectives 10, 100380,
https://doi.org/10.1016/j.trip.2021.100380
Lehtonen, E., Wörle, J., Malin, F., Metz, B., Innamaa, S. (2021). Travel experience matters:
expected personal mobility impacts after simulated L3/L4 automated driving,
Transportation, https://doi.org/10.1007/s11116–021-10211–6
Leveson, N. (2011). Engineering a safer world: systems thinking applied to safety,
engineering systems, MIT Press
Leveson, N., Thomas, J. P. (2013). An STPA primer, MIT, Cambridge
Leveson, N., Thomas, J. P. (2018). STPA handbook,
https://psas.scripts.mit.edu/home/get_file.php?name=STPA_handbook.pdf
Li, T., Chen, D., Zhou, H., Laval, J., Xie, Y. (2021). Car-following behavior characteristics of
adaptive cruise control vehicles based on empirical experiments, Transportation
Research Part B: Methodological 147, 67–91
Louw, T., Gonçalves, R., Torrao, M., Lv, W., Puente Guillen, P., Merat, N., Radhakrishnan,
V. (2020). Do drivers change their manual car-following behaviour after automated
car-following? Cognition, Technology & Work, doi: 10.1007/s10111–020-00658–5
Louw, T., Kuo, J., Romano, R., Radhakrishnan, V., Lenné, M., Merat, N. (2019). Engaging in
NDRTs affects drivers’ responses and glance patterns after silent automation failures,
Transportation Research Part F, 62, 870–882
Louw, T., Merat N., Jamson, H. (2015a). Engaging with highly automated driving: to be or not
to be in the loop? Proceeding of the Eight International Driving Symposium on Human
Factors in Driver Assessment, Training and Vehicle Design, June 22–25, 190–196,
https://doi.org/10.17077/driving assessment.1570
Louw, T., Kountouriotis, G., Carsten, O., Merat, N. (2015b). Driver in attention during vehicle
automation: how does driver engagement affect resumption of control? Fourth
International Driver Distraction and Inattention conference, Sydney, New South
Wales, November
Lubbe, N., Jeppson, H., Ranjbar, A., Fredriksson, J., Bärgman, J., Östling, M. (2018).
Predicted road traffic fatalities in Germany: the potential and limitations of vehicle
safety technologies from passive safety to highly automated driving, paper for the
IRCOBI conference

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

224

Mahdi, E., Hulme, K., Ebnali-Heidari, A., Mazloumi, A. (2019). How does training effect
users’ attitudes and skills needed for highly automated driving, Transportation
Research Part F: Traffic, Psychology and Behaviour 66 (October), 184–195
Mahdinia, I., Mohammadnazar, A., Arvin, R., Khattak, A. J. (2021). Integration of automated
vehicles in mixed traffic: evaluating changes in performance of following humandriven vehicles, Accident Analysis and Prevention, 152, 106006, doi:
10.1016/j.aap.2021.106006
Malin, F., Silla, A., Mesimäki, J., Innamaa, S., Peltola, H. (submitted). Identifying the safety
potential of conditionally automated vehicles (SAE3) in Finland.
Malliaris, A., Digges, K., DeBlois, J. (1997). Relationships between crash casualties and
crash attributes, SAE Technical Paper 970393
Mattas, K., Makridis, M., Hallac, P., Raposo, M. A., Thiel, C., Toledo, T., Ciuffo, B. (2018).
Simulating deployment of connectivity and automation on the Antwerp ring road, IET
Intelligent Transport Systems 12(9), 1036–1044, https://doi.org/10.1049/ietits.2018.5287
McNeish, D. M. (2015). Using Lasso for Predictor Selection and to Assuage Overfitting: A
Method Long Overlooked in Behavioral Sciences. Multivariate Behavioral Research,
50(5), 471–484. https://doi.org/10.1080/00273171.2015.1036965
Melnicuk, V., Thompson, S., Jennings, P., Birrell, S. (2021). Effect of cognitive load on
drivers’ state and task performance during automated driving: introducing a novel
method for determining stabilisation time following take-over of control, Accident
Analysis and Prevention, 151, 105967, doi: 10.1016/j.aap.2020.105967
Merat, N., Jamson, A. H., Lai, F. C. H., Carsten, O. (2012). Highly automated driving,
secondary task performance, and driver state, Human Factors 54(5), 762–771
Metz, B., Rösener, C., Louw, T., Aittoniemi, E., Bjorvatn, A., Wörle, J., Weber, H., Torrao, G.,
Silla, A., Innamaa, S., Fahrenkrog, F., Heum, P., Pedersen, K., Merat, N., Nordhoff,
S., Beuster, A., Dotzauer, M., Streubel, T. (2019). Deliverable D3.3: evaluation
methods, Deliverable D3.3 of L3Pilot project
Metz, B., Wörle, J., Zerbe, A., Schindhelm, R. Bonarens, F. (2021). L3/L4 long-term study
about user experiences, L3Pilot deliverable D7.2

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

225

Milakis, D., van Arem, B., van Wee, B. (2017). Policy and society related implications of
automated driving: a review of literature and directions for future research, Journal of
Intelligent Transportation Systems 21(4), 324–348,
https://doi.org/10.1080/15472450.2017.1291351
Morando, M. M., Tian, Q., Truong, L. T., Vu, H. L. (2018). Studying the safety impact of
autonomous vehicles using simulation-based surrogate safety measures, Journal of
Advanced Transportation, article ID 6135183, doi:
https://doi.org/10.1155/2018/6135183
Muñoz Sabater, J. (2019). ERA5-Land hourly data from 1981 to present, Copernicus Climate
Change Service (C3S) Climate Data Store (CDS) (accessed 24 March 2021),
10.24381/cds.e2161bac
Niebuhr, T., Junge, M., Achmus, S. (2013). Pedestrian injury risk functions based on contour
lines of equal injury severity using real world pedestrian/passenger-car accident data,
57th AAAM 2013, September 23–25, Québec, Canada
Nordhoff, S., Beuster, A., Kessel, T., Bjorvatn, A., Innamaa, S., Lehtonen, E., Malin, F.,
Madigan, R., Lee, Y. M., Merat, N. (2021). Annual quantitative survey about user
acceptance towards ADAS and vehicle automation, L3Pilot deliverable D7.1
NOU (2012). Official Norwegian Reports, Socio-economic analyses, The Norwegian Ministry
of Finance
OECD (2012). Mortality Risk Valuation in Environment, Health and Transport Policies, Paris,
OECD
Open Data Hamburg (2020). Verkehrsstärken, Entwicklung und Echtzeitdaten des KfzVerkehrs. Behörde für Verkehr und Mobilitätswende, Freie Hansestadt Hamburg.
URL: https://www.hamburg.de/bvm/verkehrsstaerken-kfz/, Accessed: 12.10.2020
openPASS (2021). OpenPASS Working Group, https://openpass.eclipse.org/
Ostermaier I. (2018). Analyse von Versicherungsschäden zur Ermittlung des Schadenvermeidungspotentials durch L3+ Funktionen, Masters thesis, TU München
Ostermaier I., Gwehenberger J., Feldhütter A., Pschenitza M. (2019). Analyse von
Unfallschäden zur Ermittlung des Unfallvermeidungspotentials durch automatisierte
Fahrfunktionen auf SAE-Level 3 und 4, Zeitschrift Verkehrsunfall und
Fahrzeugtechnik, Heft 4, S. 144–150, April

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

226

Papadoulis, A., Quddus, M., Imprialou, M. (2019). Evaluating the safety impact of connected
and autonomous vehicles on motorways, Accident Analysis and Prevention 124,
12−22
PEARS Consortium (2021) Prospective effectiveness assessment for road safety: overview,
UNECE VMAD Sub Group 2 Virtual Testing, meeting 24 Feb
Pipkorn, L., Victor, T., Dozza, M., Tivesten, E. (2021). Automation aftereffects: the influence
of automation duration, test track and timings, IEEE Transactions on Intelligent
Transportation Systems, doi: 10.1109/TITS.2020.3048355
RCAR P-Safe Working Group (2015). Position paper regarding parking and manoeuvring
accidents, Research Council for Automobile Repairs (RCAR),
https://www.rcar.org/Papers/PositionPapers/ParkingManoeuvringAccidents.pdf
Rämä, P., Innamaa, S. (2021). Safety assessment of local cooperative warnings and speed
limit information, IET Intelligent Transport Systems 14(13), 1769−1777
Rämä, P., Kuisma, S. (2018). Societal impacts of automated driving, CARTRE (Coordination
of Automated Road Transport Deployment for Europe) deliverable D5.3
Rizzi, M., Kullgren, A., Tingvall, C. (2014). Injury crash reduction of low-speed Autonomous
Emergency Braking (AEB) on passenger cars, in H. Johannsen (ed.), 2014 IRCOBI
Conference Proceedings: 10–12 September 2014 Berlin (Germany), 656–665,
International Research Council on the Biomechanics of Injury,
http://www.ircobi.org/wordpress/downloads/irc14/pdf_files/73.pdf
Rosén, E. (2013). Autonomous emergency braking for vulnerable road users, IRCOBI
Conference 2013, September 11–13, 2013, Gothenburg, Sweden
Rösener, C., Hennecke, F., Sauerbier, J., Zlocki, A., Kemper, D., Eckstein, L., Oeser, M.
(2018). A traffic-based method for safety impact assessment of road vehicle
automation, 12 Uni-DAS e.V. Workshop Fahrerassistenz und automatisierted Fahren,
Walting, Germany
Rösener, C., Sauerbier, J., Zlocki, A., Eckstein, L., Hennecke, F., Kemper, D., Oeser, M.
(2019). Potenzieller gesellschaftlicher Nutzen durch zunehmende
Fahrzeugautomatisierung, Bundesanstalt für Straßenwesen, Bundesanstalt für
Straßenwesen

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

227

Rösener, C. (2020). A traffic-based method for safety impact assessment of road vehicle
automation, PhD Thesis, RWTH Aachen University, Germany, doi: 10.18154/RWTH2020–08950
Sander U, Lubbe N. (2018). The potential of clustering methods to define intersection test
scenarios: assessing real-life performance of AEB, Accident Analysis and Prevention
113 (April), 1–11, doi: 10.1016/j.aap.2018.01.010
Scanlon, J. M., Kusano, K. D., Daniel, T., Alderson, C., Ogle, A., Victor, T. (2021). Waymo
simulated driving behavior in reconstructed fatal crashes within an autonomous
vehicle operating domain, https://waymo.com/safety/simulated-reconstruction
Schittenhelm H. (2005). Innovative occupant and partner crash protection,
VDI-Berichte 1911, Tagung Berlin, 10–11 November
Shang, M., Stern, R. E. (2021). Impacts of commercially available adaptive cruise control
vehicles on highway stability and throughput, Transportation Research Part C:
Emerging Technologies 122, 102897
Singleton, P. A. (2019). Discussing the “positive utilities” of autonomous vehicles: will
travellers really use their time productively? Transport Reviews 39(1), 50–65,
https://doi.org/10.1080/01441647.2018.1470584
Soteropoulos, A., Berger, M., Ciari, F. (2019). Impacts of automated vehicles on travel
behaviour and land use: an international review of modelling studies, Transport
Reviews 39(1), 29–49, https://doi.org/10.1080/01441647.2018.1523253
Spitzhüttl, F., Liers, H. (2016). Method for the creation of injury risk functions based on real
world accident data, VDA Report, November
Spulber, A., Golembiewski, G. (2016). Impact of automated vehicle technologies on driver
skills, Michigan Department of Transportation (MDOT) & Center for Automotive
Research (CAR), https://www.cargroup.org/wp-content/uploads/2017/02/IMPACT-OFAUTOMATED-VEHICLE-TECHNOLOGIES-ON-DRIVER-SKILLS.pdf
Statista (2021). Reports
Stigson, H., Kullgren, A., Rosén, E. (2012). Injury risk functions in frontal impacts using fata
from crash pulse recorders, 56th AAAM Annual Conference Annals of Advances in
Automotive Medicine, October 14–17

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

228

Stogios, C., Kasraian, D., Roorda, M. J., Hatzopoulou, M. (2019). Simulating impacts of
automated driving behavior and traffic conditions on vehicle emissions,
Transportation Research Part D: Transport and Environment 76, 176–192
Sukennik, P. (2020). Micro-simulation guide for automated vehicles: final deliverable D2.11
of the CoEXist project
Taniguchi, S., Ozawa, K., Kitahara, E., Kubota, Y., Arai, S., Sato, H., Ishiwata, K., Kubo, Y.,
Hirata, N., Sasada, A., Tsunoda, S., Idoguchi, M., Mitsui, T., Kawano, S., Senga, M.,
Hara, K., Nakata, H., Terui, K., Suganuma, K., Jinno, S., Takemura, I. (2020).
Automated Driving Safety Evaluation Framework, Ver 1.0, Japan Automobile
Manufacturers Association (JAMA) AD Safety Assurance Expert Group
Tol, R. (2008) The social costs of carbon: trends, outliers and catastrophes, Economics 2
(Online), 1–24
Trösterer, S., Gärtner, M., Mirnig, A., Meschtscherjakov, A., McCall, R., Louveton, N.,
Tscheligi, M., Engel, T. (2016). You never forget how to drive: driver skilling and
deskilling in the advent of autonomous vehicles, Proceedings of the Eighth
International Conference on Automotive User Interfaces and Interactive Vehicular
Applications, October 24–26, Ann Arbor, MI, USA
UN ECE (2021). UN Regulation No. 157: Automated Lane Keeping Systems (ALKS), UN
Regulation E/ECE/TRANS/505/Rev.3/Add.156,
https://unece.org/sites/default/files/2021–03/R157e.pdf
Urban et al. (2020a). A methodology for building simulation files from police recorded
accident data (for ADAS effectiveness assessment, FISITA Web congress PIF-039
Urban et al. (2020b) Parameterization of standard test scenarios of automated vehicles using
accident simulation data, FISITA 2020 Web Congress PIF-038
Utriainen, R., Pöllänen, M. (2020). Prioritizing safety or traffic flow? Qualitative study on
highly automated vehicles’ potential to prevent pedestrian crashes with two different
ambitions, Sustainability 12(8), 3206, https://doi.org/10.3390/su12083206
Utriainen, R. (2020). Potential impacts of automated vehicles on pedestrian safety in a fourseason country, Journal of Intelligent Transportation Systems,
https://doi.org/10.1080/15472450.2020.1845671

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

229

Utriainen, R. (2021). The potential of key driver assistance systems to improve road safety
and automated driving systems to improve pedestrian and cyclist safety, Tampere
University Dissertations, PunaMusta Oy – Yliopistopaino, Joensuu.
Van Elslande, P. (1997). Human errors in road accidents, in Seppälä, T., Luopajärvi, T.,
Nygård, C. H., and Mattila, M. (eds), From Experience to Innovation, Finnish Institute
of Occupational Health, Helsinki, Finland
van Essen, H., Firolle, D., El Beyrouty, K., Bieler, C., Wijngaarden, L., Schroten, A., Parolin,
R., Brambilla, M., Sutter, D., Maffi, S., Fermi, F. (2019). Handbook on the external
costs of transport, economic analysis and better regulation, version 2019, EC DG
Mobility and Transport Directorate A – Policy Coordination Unit A3, European
Commission, Brussels
Várhelyi, A., Kaufmann, C., Johnsson, C., Almqvist, S. (2020). Driving with and without
automation on the motorway: an observational study, Journal of Intelligent
Transportation Systems, doi: 10.1080/15472450.2020.1738230
Venables, A. (2007). Evaluating urban transport improvements cost–benefit analysis in the
presence of agglomeration and income taxation, Journal of Transport Economics and
Policy, 41 (2), 173–188
Virdi, N., Grzybowska, H., Waller, S. T., Dixit, V. (2019). A safety assessment of mixed fleet
with connected and autonomous vehicles using the surrogate safety assessment
module, Accident Analysis and Prevention 131, 95–111
Vogelpohl, T., Kühn, M., Hummel, T., Vollrath, M. (2019). Asleep at the automated wheel:
sleepiness and fatigue during highly automated driving, Accident Analysis and
Prevention 126, 70–84
VTPI (2020). Travel Time, chapter 5.2 in Transportation cost benefit analysis: techniques,
estimates and implications, second edition, Victoria Transport Policy Institute
Wang, L., Fahrenkrog, F., Vogt, T., Jung, O. Kates, R. (2017). Prospective safety
assessment of highly automated driving functions using stochastic traffic simulation,
25th International Technical Conference on the Enhanced Safety of Vehicles (ESV):
Innovations in Vehicle Safety: Opportunities and Challenges, 5−8 June, Detroit, MI,
United States, http://indexsmart.mirasmart.com/25esv/PDFfiles/25ESV-000224.pdf

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

230

Wang, S., Li, Z. (2019a). Exploring the mechanism of crashes with automated vehicles using
statistical modelling approaches, PLoS ONE 14(3), e0214550,
https://doi.org/10.1371/journal.pone.0214550
Wang, S., Li, Z. (2019b). Exploring causes and effects of automated vehicle disengagement
using statistical modeling and classification tree based on field test data, Accident
Analysis and Prevention, 129, pp. 44–54, doi: 10.1016/j.aap.2019.04.015
Wan, J., Wu, C. (2018). The effects of lead time of take-over request and nondriving tasks on
taking-over control of automated vehicles, IEEE Transactions on Human-Machine
Systems 48(6), 582–591, doi: 10.1109/THMS.2018.2844251
Weber, H., Hiller, J., Metz, B., Lee, J. M., Louw, T., Madigan, R., Merat, N., Innamaa, S.,
Lehtonen, E., Sintonen, H., Streubel, T., Pipkorn, L., Svanberg, E., van Weperen, M.,
Hogema, J., Bolovinou, A., Junghans, M., Zhang, M., Trullos, J. P., Zerbe, A.,
Schindhelm, R., Page, Y., Fahrenkrog, F., Hagleitner, W. (2021). Pilot Evaluation
Results, L3Pilot Deliverable D7.3.
Weber, S., Farber, B. (2015). Driver reactions in critical crossing situations,
18th IEEE International Conference on Intelligent Transportation Systems (ITSC),
444–449, Gran Canaria, Spain
Wijnen, W., Weijermars, W., Van den Berghe, W., Schoeters, A., Bauer, R., Carnis, L., Elvik,
R. Theofilatos, A., Filtness, A., Reed, S., Perez, C., Martensen, H. (2017). Crash cost
estimates for European countries, deliverable 3.2 of the H2020 project SafetyCube,
Loughborough University, https://hdl.handle.net/2134/24949
Witt, M., Ring, P., Wang, L., Kompaß, K., Prokop, G. (2018). Modelling stochastic gaze
distribution for multi-agent traffic simulation: impact of driver characteristics and
situational traffic circumstances on the driver’s gaze behaviour, 7. Interdisziplinärer
Workshop Kognitive Systeme: Mensch, Teams, Systeme und Automaten,
Braunschweig
Witt, M., Kompaß, K., Wang, L., Kates, R., Mai, M., Prokop, G. (2019). Driver profiling –
Data-based identification of driver behavior dimensions and affecting driver
characteristics for multi-agent traffic simulation, Transportation Research Part F:
Traffic Psychology and Behaviour, Volume 64, Pages 361−376, ISSN 1369-8478,
https://doi.org/10.1016/j.trf.2019.05.007

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

231

Ye, W., Wang, C., Chen, F., Yan, S., Li, L. (2021). Approaching autonomous driving with
cautious optimism: analysis of road traffic injuries involving autonomous vehicles
based on field test data, Injury Prevention, 27, 42−47, doi: 10.1136/injuryprev-2019–
043402
Zeeb, K., Buchner, A., Schrauf, M. (2016). Is take-over time all that matters? The impact of
visual-cognitive load on driver take-over quality after conditionally automated driving,
Accident Analysis and Prevention, 92, 230–239
ZeEUS (2016). ZeEUS eBus Report: an overview of electric buses in Europe, Zero Emission
Urban Bus System, https://zeeus.eu/uploads/publications/documents/zeeus-ebusreport-internet.pdf
Zhang, C., Yang, F., Ke, X., Liu, Z., Yuan, C. (2019). Predictive modeling of energy
consumption and greenhouse gas emissions from autonomous electric vehicle
operations, Applied Energy, 254, 113597, doi: 10.1016/j.apenergy.2019.113597.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

232

A1 Annex: Safety impact assessment
A1.1 Annex Literature
Introduction
The number of fatalities and injuries caused due to road accidents involving automated
vehicles are the most important KPIs when evaluating the safety impacts of automated
driving (see, e.g., Rämä and Kuisma, 2018). However, since automated passenger vehicles
(SAE L3) are currently typically driven as part of field tests on public roads or on test tracks,
the lack of AV-related crash data limits this type of analysis.
Due to the limited information on accident involvement of AVs, the safety effects of AVs have
been identified through approaches such as estimating the safety potential of AVs based on
the analysis of non-AV accident data, multi-agent traffic simulation, simulation-based
surrogate safety measure approach, virtual scenario-based experiments using Monte Carlo
techniques, and by using a combination of traffic simulations, accident re-simulations and
accident data. The main findings of the most relevant studies have been summarised below
by method. All these studies indicate the safety benefit potential of AVs.
It is important to note that each study used its own definition of automated driving and
considered different technical maturities of ADF. Therefore, the assumptions used in each
study should be reviewed carefully when interpreting the results. The variation in assumptions
also makes the comparison of study findings challenging.
Analysis of accidents involving AVs
All studies analysing accidents involving AVs have exploited the accident data from database
maintained by California Department of Motor Vehicles, which includes accident reports filed
by several car manufacturers testing AVs on public roads in California, U.S. The analysis by
Favaró et al. (2017) covered in-depth analysis of 26 accident reports from 2014–2017. They
found out that the most frequent accident type was rear-end collision (62% of cases), with
manually driven vehicles driving into the AV’s rear. In most situations, the AV was at zero or
close-to-zero speed. From the 26 analysed accidents, 23 (88%) occurred at an intersection.
In 22 out of the 26 reported accidents (85%), the AV was not at fault. Furthermore, Favaró et
al. (2017) estimated that the accident rate for AVs in the U.S. was more than ten times higher
than the accident rate for manual vehicles. Wang and Li’s analysis (2019a) covered 113
accidents from 2014–2018 (86% of cases included only property damage; no injury). Wang
and Li (2019b) discovered that crash severity significantly increases if the AV is responsible
for the crash. They also determined that serious injuries were likely to happen on highways
due to high driving speeds. Ye et al. (2021) studied 133 reports, including 24 injured
individuals in 19 crashes involving AVs from 2017–2019. They found out that 71% of the
injured persons were AV occupants. Head and neck were the most commonly injured
locations and crashes in poor lighting, even with streetlights lit, led to a notably higher
number of victims than those in daylight.
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Analysis of non-AV accident data
Kühn and Bende (2020) analysed the motorway accidents involving at least one passenger
car utilizing the database of the German Insurers Accident Research (n=246, 2007–2013)
and according to their analysis, it can be expected that cars driving in automated mode will
still be involved in accidents. An active Level 3 function could prevent up to 6% more
motorway accidents than modern cars equipped with driver assistance and comfort systems.
However, the authors note that possible negative effects of Level 3 automation, which
haven’t been quantified up to now, may decrease this potential significantly. Accidents
caused by lane change will remain a big challenge for the automated systems. A Level 4
system which drives in automated mode could prevent 21% more motorway accidents than
modern cars equipped with driver assistance and comfort systems. It is important to note that
the safety benefits reported here are additional benefits to those obtained by ADAS. It must
be noted that the definitions in this study for automated driving vary from the definitions of
SAE J3016 standard and hence the results of this study should be interpreted with care.
Utriainen and Pöllänen (2020) and Utriainen (2020) assessed the potential impact of highly
automated vehicles (HAVs) (Levels 4 & 5) on pedestrian safety in Finland by estimating
which accidents could be avoided if the manually driven cars had been replaced by the AVs.
Both analyses exploited the same dataset, i.e., in-depth investigations of fatal crashes
involving pedestrians from 2014–2016 in Finland (n = 40). Utriainen and Pöllänen (2020)
estimated that if pedestrian safety is prioritised (i.e., HAV would always take necessary
safety precautions when pedestrians are identified nearby or in the proximity of the planned
driving path), 37 of 40 crashes would likely have been avoided. If the efficient traffic flow is
prioritized (i.e., HAV would slow down or stop only when a pedestrian is identified in the
immediate collision course), 28 out of 40 would likely have been avoided. Utriainen (2020)
focused on different scenarios in terms of AV capabilities and the possibilities for the driver to
bypass the system and take the control of the vehicle. The results show that in a basic
scenario where the AV is not able to operate in adverse conditions and without visible lane
marking, 8–11 (20–28%) of 40 fatal pedestrian crashes could have been avoided. The
corresponding numbers for the other scenarios were: 19–24 (48–60%) for advanced
scenarios where the AV is capable of operating in low-light conditions and without lane
marking, but it is not able to operate in adverse weather conditions and 22–29 (55–73%) for
full automation scenario where the AV can theoretically operate in various weather and traffic
conditions. It should be noted that in the basic scenario, none of the pedestrian crashes
outside crossings (n=11) could have been prevented by AVs.
Combs et al. (2019) analysed the data from the Fatality Analysis Reporting System (FARS)
from U.S. and the District of Columbia (n=3,386 preventable pedestrian fatalities in 2015) to
investigate AVs potential for reducing pedestrian fatalities based on functional ranges of the
following pedestrian sensor technologies: visible-light cameras (VLC), light detection and
ranging (LiDAR), and radar. The results show that the detection technologies vary widely in
their potential to detect pedestrians and avoid fatal collisions with pedestrians, from less than
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30% (VCL in freeway conditions) to over 90% (VLC+LiDAR+radar) of preventable fatalities.
The authors noted that the likely AV deployment and the location of most pedestrian fatalities
are not well matched, since a high number of pedestrian fatalities occur on non-freeway
streets away from intersections and crosswalks, where AV operations may be limited in the
future.
Multi-agent traffic simulation
Kitajima et al. (2019) simulated traffic on a prescribed area in the city of Tsukuba in Japan.
Five scenarios of increasing levels of penetration of automated vehicles (starting with manual
driving and continuing to different combinations of automated emergency braking, lane
departure warning and SAE Level 4 automated driving) were implemented to estimate their
impact on safety. Under manual driving, the system simulated 859 crashes, which tended to
occur in locations similar to real-world accidents. In scenario 5 (75% Level 4 automated
driving and 25% AEB + LDW), the number of predicted crashes decreased to 156 cases.
Overall, the higher the automation level, the lower the crash rate. The estimated number of
fatalities was 18 for 100% manual driving (scenario 1) and 5 for the highest automation level
simulated (scenario 5).
Simulation-based surrogate safety measures approach
Morando et al. (2018) explored the safety impacts of AVs (level 4, fully automated) through
the number of conflicts extracted from simulations by using two case studies: a signalised
intersection and a roundabout with various AV penetration rates. For the signalised
intersection, AVs were estimated to reduce the number of conflicts by 20% to 65%, with the
AV penetration rates between 50% and 100%. For the roundabout, the number of conflicts
was reduced by 29%–64% (depending on the parameters used in the simulation) with the
100% AV penetration rate. In the roundabout, the conflicts seemed to be increasing between
baseline and 25% penetration rate, but then decreasing when moving toward higher
penetrations. The authors conclude that a high penetration rate might be required to deliver
the AV’s anticipated safety effects. With the 100% AV penetration rate, safety benefits were
estimated as slightly higher with the roundabout than with the signalised intersection (62%
versus 52%).
Papadoulis et al. (2019) created five simulation models (one for each working day of the
week) for a 44.27 km long three-lane motorway section in England. Their simulation results
show that the estimated traffic conflicts were reduced by 12–47%, 50–80%, 89–92% and 90–
94% for 25%, 50%, 75% and 100% AV penetration rates, respectively. When interpreting
these results, it must be noted that Papadoulis et al. (2019) assumed that AVs were able to
drive closer to their preceding vehicles than human drivers, enabling them to create vehicle
platoons with other AVs. Specifically, long platoons with 15+ vehicles were formulated,
especially in high penetration rates. This could potentially cause disturbances in the traffic
flow, e.g., by prohibiting other vehicles from merging in or out of the motorway section.
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Virdi et al. (2019) investigated the safety impacts of Connected and Automated Vehicles
(CAVs) through the changes in the number of conflicts in the Geelong area of Victoria,
Australia. Their simulation covered four types of intersections: signalized, priority, roundabout
and diverging diamond interchange (DDI). In the simulations, the CAVs were introduced to
the environment in 10% increments. The simulation results show that a 20% penetration of
CAVs resulted in the following changes in the number of conflicts: +22% at the signalized
intersection, −87% at the priority intersection, −62% at the roundabout and +33% at the DDI
intersection. The corresponding numbers at 90% CAV penetration were: −48% at the
signalized intersection, −100% at the priority intersection, −98% at the roundabout and −81%
at the DDI intersection. The results show that the reductions in potential conflicts were
greater in priority-controlled intersections (roundabout and give-way environments), as
compared to signalized intersections. Specifically, the signalized intersections show an
increase in potential collisions for low penetration rates, while the priority intersections show
an immediate and significant decrease in conflicts. It should be noted that Virdi et al. (2019)
assumed that CAVs adhered to a 0.5 m headway, while manual vehicles drove with a
significantly higher headway.
Virtual scenario-based experiments using Monte-Carlo techniques
Wang et al. (2017) tested a virtual ADF for two highway scenarios: an “obstacle in the lane”
scenario and in a “jam approach” scenario. The simulation results of the “obstacle in the
lane” scenario showed that the probability of not having an accident was 28% higher with
automated driving compared to manually driven vehicles. Furthermore, if an accident
occurred, the mean velocity difference between the involved vehicles was 15% lower for the
automated driving vehicles. In a “jam approach,” the accident reduction of target vehicles
equipped with virtual ADF varied between 28% and 49%, depending on the traffic jam speed
(30 km/h vs. 0 km/h) and traffic speed variance (low vs. high). In this scenario, it is important
to note that many accidents involving the target vehicle and included in the statistics are
caused by another driver (e.g., driver to the rear) and thus many of the accidents cannot be
addressed by the ADF.
Fahrenkrog et al. (2019) used a traffic-based simulation approach to estimate the change in
the accident risk for AVs compared to manual driving. The simulations considered an
exemplary highly automated driving function (HAD) on motorways in eight different relevant
driving scenarios, including both expected positive and negative effects on safety. The
expected mean change of accident rate per driving scenario was: Cut-in -83%, Traffic jam 40%, Rear-end accident -73%, End of lane -14%, Obstacle in the lane -40%, Highway
entrance -49%, Minimal risk manoeuvre (moderate deceleration, approx. 2 m/s2) +2.6% and
Minimal risk manoeuvre (strong deceleration, approx. 5 m/s2) +48.4%. The authors noted
that the effect in the driving scenario is only part of the potential safety effect, since in
practice the function cannot operate under all conditions and is not always active. Hence, the
paper also analysed the share of accidents related to each driving scenario within ODD in
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the GIDAS database. This share varied between 67% and 95% for those driving scenarios
for which reference data was available.
Traffic simulations, accident re-simulations, counterfactual simulations & accident data
Rösener et al. (2019) developed a framework including a combination of traffic simulation,
accident re-simulations and accident data for assessing the safety impacts of ADFs. The
simulation-based estimated effectiveness of the ADF was scaled up for the whole of
Germany with the help of the German in-depth accident database. The results indicate that a
Motorway-Chauffeur (at 50% market penetration) has a potential for reducing about 30% of
all accidents on German motorways resulting in personal injury (equals 2% of all accidents
on German roads). The Urban robot-Taxi can avoid 26.5% of all accidents with personal
injury within city-limits at a market penetration of 50% (equals 17% of all accidents on
German roads).
Scanlon et al. (2021) found in a counterfactual simulation study of 72 historic crashes (20082017) involving 91 vehicles, in Chandler (Arizona), the Waymo ADF did not cause any
crashes (avoided all crashes when the Waymo vehicle was set as the at-fault (initiator
vehicle; N=52) vehicle in the simulations). The Waymo ADF avoided 82% of the crashes
when it was set to be the not-at-fault/responder vehicle, while mitigating the effects of
another 10%. All the remaining 8% (unavoided crashes) were in rear-end struck (the Waymo
vehicle being struck from behind) scenarios. Sixty-three percent of the crashes when the
Waymo ADF was a responder were prevented even without ADAS-style interventions. That
is, these crashes were avoided through conflict avoidance rather than crash avoidance. The
virtual counterfactual safety assessment was done by using a combination of real-world data
collection, with Waymo vehicles driving through the collision locations of the historic crashes
(collecting infrastructure, etc.), and the virtual (sensor modelled) representation of the roadusers involved in the crash, as available from reconstructions.
Test drives
Varhelyi et al. (2019) conducted test drives on German motorways to assess user-related
issues of Level 3 automated driving. In total, 21 persons drove twice along the test route,
once with the system switched off and once with the system active. The results showed that
the drivers used the system as it was intended to be used. The system affected driving
positively in several ways: It accelerated more smoothly and chose a speed in accordance
with the speed limit and traffic conditions. It made fewer dangerous lane changes, kept the
correct distance from other vehicles, and maintained the prescribed use of the right lane. No
differences were observed with regard to lane-keeping behaviour or subjective workload. The
system was perceived as being both useful and satisfactory. Driving comfort was assessed
to increase. However, it was found that the system did not react to other drivers' intention to
make a lane change, especially in situations where they were attempting to merge onto the
motorway. The overtaking process occasionally took a long time, leading to aborted
manoeuvres. Conflicts and sudden brakings were observed more often on rides with the
system active.
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A1.2 Annex: Input Data for the Quantitative Safety Impact Assessment
A1.2.1 L3Pilot Input
Results from the technical assessment have been used to determine the distributions for
setting up the simulated scenarios and to define parameters for the mature L3Pilot ADFs
(longitudinal and lateral control).
Traffic and infrastructure data have been used to identify the representative motorway
environments (see chapter 4) for simulations.
Results from the user assessments provide input on models for the takeover behaviour (e.g.,
takeover time) and produce information on usage of ADFs for the scaling up. Specifically,
results from the supplementary studies and mobility impact assessment provide insights on
the direct and indirect effects of ADFs for the scaling-up method.
The mature L3Pilot ADF descriptions (defined and described in Chapter 2.1) and their ODD
have been used to define the target accidents (within ODD).

A1.2.2 CARE Database
The safety impact assessment exploited accident data from the CADaS (Common Accident
Data Set) of the European-wide CARE database (European Commission, 2019). The
purpose of the CARE database is to provide a tool which enables the identification and
quantification of road safety problems throughout the European roads, evaluating the
efficiency of road safety measures, determining the relevance of actions and facilitating the
exchange of experience in this field. Parts of the national data sets are integrated into the
CARE database in their original national structure and definitions. However, as existing
national accident data collection systems are not always compatible and comparable among
the countries, the European Commission (EC) provides and applies a framework of
transformation rules to the national data sets, allowing CARE to have compatible data.
CADaS consists of a minimum set of standardised data elements, which will allow for
comparable road accident data to be available in Europe. In this way, more variables and
values with a common definition will be added to those contained in the previous models of
the CARE database, thus maximising the potential of the CARE database and allowing for
more detailed and reliable analyses at the European level.
The total number of injury accidents with different severities (fatal, serious, slight) used in the
calculations is presented in Table A 1.1.
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Table A 1.1: Total number of injury accidents with different severities in the EU-27+3 in 2018*
used in the calculations (European Commission, 2019).
Motorway ADF
Severity of
accidents

Urban ADF

Target accidents
inside ODD

Total

Target
accidents
inside ODD

Total

All injury
accidents

Slight

37,898

55,138

370,168

609,998

868,523

Serious

6,327

10,976

67,547

124,765

206,263

Fatal

982

1,874

4,368

9,300

23,778

Total

45,207

67,988

442,083

744,063

1,098,564

* For the countries where no accident data were available in 2018, the data from the latest available year were
used instead.

A1.2.3 In-depth and national accident databases
In-depth and national accident databases were used to complement the CARE database since
some variables in CARE are too general or missing and hence limit the identification of target
accidents for the safety impact assessment (i.e., accidents occurring inside ODD). The indepth and national accident databases include more detailed information on, e.g., weather
conditions (precipitation intensity) and road and traffic conditions (existence and conditions of
lane markings, traffic volume).
The selection of databases (BAAC, IGLAD, GIDAS, Statistics Finland, STATS19, STRADA,
VOIESUR) was based on what L3Pilot partners have access to (see Table A 1.2). Each partner
carried out the assessment for the database he/she had access to (according to predefined
instructions and reporting template).
In-depth and national accident databases (GIDAS, STATS19 and FCD) were also used to get
more information (e.g., place of occurrence, occurring conditions) on those accident types not
directly linked to any simulated scenario.
Information on TASC, Volvo Cars (VCTAD) and SHRP2 is provided in annex 1.3.1.
Table A 1.2: Overview of analysed in-depth and national road accident databases and
naturalistic driving data.
Database
BAAC (Bases de données
annuelles des accidents
corporels de la circulation
routière)

Type (countries)
National (FR)
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Database

Type (countries)

Year

Purpose of use

IGLAD (Initiative for the
global harmonisation of
accident data)

In-depth (AT, CZ, DE,
FR, IT, SE, ES, SK)

2014–
2018

Complement CARE

FCD (Finnish Crash Data
Institute)

In-depth (FI)

2014–
2017

Evaluation of non-simulated
accident types

GIDAS (German In-depth
Accident Study)

In-depth (DE)

2014–
2018

Complement CARE, evaluation of
non-simulated accident types,

Statistics Finland

National (FI)

2014–
2018

Complement CARE

TRINE

In-depth (NO)

2014–
2019

Complement CARE

Lithuania

National (LT)

2010–
2018

Complement CARE

STATS19 (Statistics on
Personal Injury Road
Accidents)

National (GB-ENG, GBSCT, GB-WLS, GB-NIR)

2017–
2018

Complement CARE, evaluation of
non-simulated accident types

VCTAD - Volvo Cars Traffic
Accident Database, indepth crash data

In-depth (SE)

2006–
2017

Counterfactual simulations. Used
as a basis for three datasets
(original + synthetic variable
variations and CDB speed
variations)

TASC (Traffic Accident
Scenario Community)

National (DE)

2017+

Counterfactual simulations.
Sensitivity analysis.

VOIESUR (Vehicle
Occupant Infrastructure
Road User safety studies)

In-depth (FR)

2011

Complement CARE

SHRP2 naturalistic driving
data

Naturalistically collected
near-crashes (US)

2013–
2015

Non-crashes. For sensitivity
analysis

A1.2.4 Data from insurance companies
AZT insurance claims databases (based on motor vehicle insurance claims of Allianz
Germany) were used for the determination of target accidents for the safety impact
assessment of the mature parking ADF. The databases were created from random samples
of claims over several years and represent the accident occurrence for Allianz Germany
claims. Due to the high market share of Allianz Germany, the results can be considered as
representative for the German insurance market.
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Table A 1.3: Overview of AZT claims databases for case-by-case analysis.
Database

Type (countries)

Allianz Center
for Technology
(AZT)

1st Party/Motor own
Damage collision claims
(Allianz Germany)

Year
2004 & 2007
2011
2013 & 2014
2018

Motor 3rd Party Liability
claims with only property
damage (Allianz
Germany)

1,916
853

2004 & 2007

1,979

2013 & 2014
Total MTPL-PD

939
1,797
364
5,079

2011

824

2013 & 2014

631

2018

204

Total MTPL-BI

Safety impact
assessment of
parking ADF

332
5,855

2011

Purpose of use

2,754

Total MoD

2018
Motor 3rd Party Liability
claims with bodily injury
(Allianz Germany)

Number of
usable claims

1,659

Glossary
1st Party or Motor own Damage (MoD) insurance: A type of insurance under which an insured
(the 1st party) is compensated by his / her insurer in the event of an accident or loss.
1st Party or Motor own Damage (MoD) claim: A claim made against 1st party or MoD insurance
by the 1st party as a result of negligence by the 1st party, e.g., the 1st party reversed their
vehicle into a 3rd party vehicle, causing damage to both vehicles.
3rd Party or Third-Party Liability (TPL) insurance: A type of insurance under which an insured
(the 1st party) is protected by an insurer against the claims of someone else (the 3rd party).
3rd Party or Third-Party Liability (TPL) claim: A claim made by a 3rd party against the 3rd
party or TPL insurance of the 1st party as a result of negligence by the 1st party, e.g., the 1st
party reversed their vehicle into a 3rd party vehicle, causing damage to the 3rd party vehicle.

A1.2.5 Injury Risk Calculation
Injury risk functions (IRF) estimate the probability of a certain level of injury associated with a
certain crash parameter for a certain population when a road crash occurs. For example, IRF
can estimate the probability of death (level of injury) vs. impact speed (crash parameter) for
pedestrians (population) involved in frontal crashes with passenger cars (type of crash).
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These functions are used in prospective safety assessment, while estimating the expected
benefit of a safety system before its market introduction to compare injury outcomes between
groups of road users or crashes with and without this system.
The estimation of the effectiveness of ADF is based on prospective analysis by simulations.
In case of collision between two participants (e.g., car to car), it is necessary to estimate the
consequences in terms of injury risks and property damages reductions. The estimate of the
safety benefit attributed to the ADF can then be calculated by differences between the
consequences in accident cases with and without the tested function activated.
IRFs are commonly adjusted with statistical models (such as probit or logit regressions) on
the basis of crash data. Since they highly depend on accident data collection and quality,
collision type, the road user under study (pedestrian, cyclist, car occupant, etc.), the
predicted injury level and the selected statistical model, no unique consensus version exists,
and, amongst all existing injury risks functions available in the scientific literature, we have to
select the most appropriate ones according to the objective of a particular analysis using
them.
As for L3Pilot, selection of the appropriate IRFs considered the following:
●

The European context: As far as possible the accident databases used for the
construction of the IRFs must be European or at least contain types of vehicles very close
to what is found on the European market.

●

Only crashes involving at least one passenger car.

●

For IRFs dedicated to passenger car crashes, only belted occupants are considered.

●

Opposite partners in the crash:
●

Vulnerable Road User (VRU): Only pedestrians and cyclists are considered and
Powered-Two-Wheelers (PTW) are excluded.

●

All crashes involving other type of road users are included.

●

Type of collision for passenger cars: only Front, Side and Rear impacts.

●

Because the simulation stops at point of impact (no crash and post-crash simulation is
performed), only the consequences of this first impact are considered.

●

Crash severity parameter: the impact speed. Other parameters can be used if they can be
directly and easily derived from the impact speed.

●

Injury risk parameters: fatalities, seriously injured and slightly injured occupants as defined
in the CARE database (European Commission, 2019), since scaling-up process and
socio-economic analysis need to get information on the severity of accident.

●

Property damages should be estimated for both crashes with and without injuries.
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Work consisted in identifying the recent literature on IRF that could better fit our objectives
and possibly bringing modifications to the selected IRFs in case it was needed. Particular
attention was paid to:
●

Sample size

●

Accuracy of the description of the sample

●

Accuracy of the prediction

●

Availability of the formulae

●

Consistency with other predictions

A1.2.5.1 IRF for pedestrians and cyclists
A literature review has been conducted to select IRFs based on recent and pertinent papers
as shown on the following tables.
Table A 1.4: Papers reviewed for pedestrian accident cases against passenger cars.
Papers
reviewed

Data used

Nb cases

Severity indicators

Rosèn (2013)

GIDAS (2013–2018)

543 cases

Fatal / MAIS3+

Nierbuhr (2013)

GIDAS (1999–2007)

34 case

Rescaled version of Injury Severity
Score (ISS)

Spitzhüttl (2016)

GIDAS (–2015)

288 cases

MAIS3+ or MAIS2+ vs
Adult (15–69) or Elderly (60+)

Cuny (2018)

VOIESUR (2011)

5,163
cases

Fatal / seriously injured / Slightly injured

Hussain (2019)

Meta-analysis

15 studies

Fatal

Table A 1.5: Papers reviewed for cyclist accident cases against passenger cars.
Papers reviewed

Data used

Nb cases

Severity indicators

Rosèn (2013)

GIDAS (2013–2018)

607 cases

Fatal / MAIS3+

Fredriksson
(2015)

GIDAS

34 cases

AIS3+ (Head injuries)

Spitzhüttl (2016)

GIDAS (–2015)

775 cases

MAIS3+

Chajmowicz
(2019)

VOIESUR (2011)

1,070 cases

Fatal / seriously injured / Slightly
injured

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 11

Two IRFs were selected respectively for pedestrians (Cuny 2018) and for cyclists
(Chajmowicz 2019) involved in road injury accidents against passenger cars. Because only
injured VRU were considered in the construction of the IRFs, only risk curves for fatalities
and serious and slight injuries are available. No property-only damage risk can be estimated
for low-impact speed.
If we take a closer look at original risk curves for serious injuries, we can see that the curves
do not go through the origin of the axes. This is in part due to the very low number of people
involved in the database at low speeds. To correct this point, we assumed a linear line
passing through the origin and connecting the probability of the risk of serious injury to
20 km/h. This correction has been considered in Figure A 1.1.
IRF - Cyclist
Injury risk Probabilities

Injury risk Probabilities

IRF - Pedestrian
1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
0

20
Fatalities

40
60
80
Impact speed (km/h)
serious Injuries
slight injuries

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

100

0

20
Fatalities

40
60
Impact Speed (km/h)
Serious injuries

80

100

Slight injuries

Figure A 1.1: IRF dedicated to pedestrians and cyclists involved in road accident with a
passenger car.
For the pedestrian accident cases, the equations are the following (V = impact speed):
•

Fatal:

P(k) = 1 - exp(-exp(-4.6451 + 0.00079*V²))

•

Seriously injured:

P(Si) = P(kSi) - P(k)

where if V≥ 20km/h P(kSi) = 1 - exp(-exp(-1.5174 + 0.00079 * V²))
else P(kSi) = 0.00956 + 0.1251*V
•

Slightly injured:

P(Sli) = 1 - P(ksi)

For the cyclist accident cases, the equations are the following (V = impact speed):
•

Fatal:

P(k) = 1 - exp(-exp(-4.6998 + 0.000799*V²))

•

Seriously injured:

P(Si) = P(kSi) - P(k)

where if V≥ 20km/h P(kSi) = 1 - exp((-exp(-1.6296 + 0.000799 * V²))
else P(kSi) = 0.00905 + 0.01137*V
•

Slightly injured:

P(Sli) = 1 - P(ksi)
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A1.2.5.2 IRFs for passenger cars
The same process was followed to select IRFs for crashes involving only passenger cars for
the three impact types: Front, Side and Rear.
Most of the pertinent papers reviewed were based on either US or Japan accident databases
or concerned only MAIS3+ injuries or didn’t make differences between impact types.
Table A 1.6: List of papers reviewed for passenger car accidents.
Papers
reviewed
All impacts
Hannawald
(2008)
Malliaris (1997)

Data used
GIDAS

Severity indicators

Impact indicators

Fatal / serious / slight

DeltaV

Fatal / MAIS3+ /
MAIS2+

DeltaV
DeltaV
DeltaV / Crash dir. / Age /
Belt use / Multi crash /
vehicle type /
Multi impact
DeltaV
DeltaV / peak acceleration /
age
DeltaV / Multi coll. / Rollover /
Belt use
DeltaV / peak acceleration /
age
Impact speed (EDR)

Front impact
Bahouth (2014)
Kiuchi (2015)

NASS/CDS
Japan

MAIS3+
Fatal / Serious injuries

Wagner (2014)
Kullgren (1998)

GIDAS
Sweden

MAIS3+
MAIS2+

Kuniyuki (2013)

ITARDA (Japan)

MAIS3+

Stingson (2012)

Sweden

MAIS2+

Doecke (2020)
Side Impact
Bahouth (2014)
Bareiss (2020)

NASS/CDC

MAIS3+

NASS/CDS
NASS/CDS

MAIS3+
MAIS2+

Kiuchi (2015)

Japan

Fatal, serious injuries

Wagner (2014)
Kuniyuki (2013)

GIDAS
ITARDA (Japan)

Seriously injured
MAIS3+

Doecke (2020)
Rear Impact
Bahouth (2014)
Doecke (2020)

NASS/CDC

MAIS3+

DeltaV (NearSide / FarSide)
DeltaV / age(senior) / Gender
(male) / Body Mass Index
DeltaV / Crash dir. / Age /
Belt use /
Multi crash / vehicle type /
Multi impact
DeltaV
DeltaV / Multi coll. / Rollover /
Belt use
Impact speed (EDR)

NASS/CDS
NASS/CDC

MAIS3+
MAIS3+

DeltaV (NearSide / FarSide)
Impact speed (EDR)

Despite the fact that all reviewed publications provide sound IRFs, none of them presented
IRFs meeting all selection criteria to be used in the analysis.
Therefore, we proposed to build our own IRFs based on crash data available from the
partners involved. The IRFs for frontal, side and rear impact come from the French LAB
RENAULT/STELLANTIS crash data and thus provided probabilities of risk for fatal, serious
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and slight injuries as well as property damage only in injury crashes (car’s occupants with no
injury are included in the sample, allowing us to build these IRFs). For these curves, the
impact severity parameter is based on Equivalent Energy Speed (EES) and not on impact
speed. The process used to estimate the EES from the impact speed is the following:
●

Step 1 - From Impact Speed to the DeltaV: Thanks to the momentum equations and the
crash configuration we are able to calculate a DeltaV from the impact speed.

Figure A 1.2: Layout of colliding vehicles.
●

Step2 – from DeltaV to EES: For this calculation, we first check that a linear relationship
can be found between these 2 parameters for each type of collision: front, side and rear.
This verification was performed with another accident database in order to avoid bias.
From the GIDAS accident database, we were able to check this relationship and calculate
the different parameters of each linear equation to transform DeltaV to EES.
From GIDAS analysis, the linear correlations for the 3 types of impacts are the following:
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Figure A 1.3: Relationship between EES and DeltaV in frontal impact (GIDAS, n = 2917).
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Figure A 1.4: Relationship between EES and DeltaV in Side impact (GIDAS, n = 953).
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Figure A 1.5: Relationship between EES and DeltaV in rear impact (GIDAS, n = 1143).
The IRF regarding the different impact types for the passenger cars are the following:
Frontal Impact:
•

Fatal:

P(k) = 1 / (1 + exp (7.3704 - 0.0797 * EES))

•

Seriously injured:

P(Si) = P(kSi) - P(k)

where P(kSi) = 1 / (1 + exp(3.2633 - 0.0641 * EES))
•

Slightly injured:

P(Sli) = P(Si) - P(ksi)

where P(Si) = 1 / (1 + exp(0.874283 - 0.056271 * EES))

Side Impact:
•

Fatal:

P(k) = 1 / (1 + exp(5.6448 - 0.0881 * EES))

•

Seriously injured:

P(Si) = P(kSi) - P(k)

where P(kSi) = 1 / (1 + exp(3.6172 - 0.0789 * EES))
•

Slightly injured:

P(Sli) = P(Si) - P(ksi)

where P(Si) = 1 / (1 + exp(0.215757 - 0.055923 * EES))
Rear Impact
•

Fatal:

P(k) = 1 / (1 + exp(7.1792 - 0.1162 * EES))

•

Seriously injured:

P(Si) = P(kSi) - P(k)

where P(kSi) = 1 / (1 + exp(5.9032 - 0.11 * EES))
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•

Slightly injured:

P(Sli) = P(Si) - P(ksi)

where P(Si) = 1 / (1 + exp(-0.47772 - 0.02232 * EES))

Risk for belted car occupants involved in
frontal impact (production year > 2000) (LAB
2020 n=2800 occ.)

Risk for belted car occupants involved in side
impact (production year > 2000) (Fichier LAB
2020 n=721 occ.)
100%
Injury risk probabilities

Injury risk probabilities
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80%
60%
40%
20%
0%
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20
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40
60
EES (km/h)
Serious injuries

80

100

80%
60%
40%

20%
0%
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Injury risk probabilities

Risk for belted car occupants involved in rear
impact (production year > 2000) (Fichier LAB
2020 n=153 occ.)
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Figure A 1.6: IRF vs. EES dedicated to passenger car belted occupants corresponding to
front, side and rear crashes.
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A1.3 Annex: Safety Impact Assessment of Motorway ADF
The quantitative safety impact assessment on the motorway utilises mainly simulations to
derive the safety impact of the mature L3Pilot ADF in the pre-defined scenarios. In the following
the applied simulation methods are described in more detail. Afterwards, the results are
elaborated. In the last section, the limitations of the simulations that must be considered for
the results are explained.
A1.3.1 Method
A1.3.1.1 Counterfactual simulation approach
The simulation tool used for the counterfacatual simulations in L3Pilot was based on an
open-source simulation engine called ESmini. See screenshot from ESmini in Figure A 1.7.
This engine only had the role of loading the scenarios and providing a runtime environment.
The complete framework consists of Python code interacting with ESmini. The Python code
for the actual simulation consisted of a) a case-loader/configuration manager, b) the
implementation of systems under assessment (baseline without system, baseline with AEB,
and longitudinal ADF as treatment, with perfect lane keeping), c) a simple vehicle model
(bicycle model, which was sufficient as steering avoidance was not considered), d) a
trajectory following script (mostly part of ESmini), e) a collision detection module
(identification of if/when the vehicles collided, etc.), and f) saving results for analysis. Postprocessing was then performed in MATLABTM.

Figure A 1.7: A screenshot from ESmini visualization of an event.
For each simulation batch (e.g., for one dataset – see “The Data” below) all cases were
simulated in three different configurations. First, there was a simple re-simulation of the
original case as baseline (providing results of impact speeds, etc., for the calculation of
severities through injury risk functions). Second, the original case runs the baseline with an
AEB added to the manually driven ego-vehicle (and only the ego-vehicle). Third and finally,
the simulation runs with an ADF (treatment) in the ego-vehicle. The AEB and ADF were the
same, as described in chapter 2. Note that implementation validation was done for a set of
reference cases, comparing the behaviour between implementations, since the code was
ported from Simulink to Python, the latter being used in the counterfactual simulations. Also
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note that for the lane keeping control of the ADF, a very simple approximation of such a
function was implemented – the vehicle was kept in the lane by moving the vehicle in the
same heading as the roadway.
As ESmini works with the OpenDrive (ASAM OpenDrive, 2021) and OpenScenario formats
(ASAM OpenScenario, 2021s), all data had to be converted into that format.
When it comes to the actual simulation of individual cases, there were some particular
aspects of the ADF that had to be taken into account. When simulating critical cases with
systems that do continuous adjustments to longitudinal (or lateral) control (such as ACC and
the ADF implemented here), it is crucial that the critical event is “synced” in the treatment
simulations, so that the criticality is similar to that of the original. For rear-end cases, it is not
a problem. Given that there is enough time available to the critical event (in the simulation),
the ADF can just be applied at the start of the case, and the full simulation can play out – the
“adaptive cruise control” part of the ADF will adapt to the traffic. However, for cut-in cases,
there is a clear need to “sync” the critical situation occurrence, as the ego-vehicle with the
ADF may be far from the conflict “zone” of the original case, due to the longitudinal control of
the ADF. Also note that the ADF in L3Pilot was designed to not act on a cut-in vehicle until it
is entering into the ego-vehicle’s lane (when it crosses the lane marking). Consequently, we
decided to use the following approach for all counterfactual simulations of cut-in events: Start
the simulation at the time of the conflict partner vehicle entering the ego-vehicle lane
(crossing the lane marking). This meant that we removed all data before this point. Note also
that this approach assumes that there are no precautionary/predictive ADF controls (e.g.,
trying to avoid staying in the blind spot of a truck). As stated previously, no
precautionary/predictive functionality was included in the L3Pilot ADF.
The data
The data used in counterfactual simulations can either be exactly that of the original data
sources, or it may be cases that are synthetically created with slight modification of the
original data. There are typically two main reasons for creating such synthetic cases. The
first reason is that when time-series data (typically trajectories of, at least, the road users that
are involved in the crash) of the pre-crash phase of a conflict are reconstructed, several
assumptions are made. That is, the crash may have turned out in a slightly different way, and
still fit the available data used to describe the case at the time of reconstruction (e.g.,
uncertainties in the absolute speeds, the level of deceleration, and the timing on braking may
have been different, within some range). Consequently, the first types of synthetic cases are
to cover some variations of a set of reconstruction parameters, creating a range of conflict
situations that are all (more or less) realistically describing potential ways of the original precrash phase playing out – fitting the original information available for the reconstruction. It
should also be mentioned that there is another (similar and complementary) reason for slight
variations of the original cases (other than the uncertainty in the input data for
reconstruction). That is, adding variability to the original cases within realistic limits, as
crashes may have happened also in “that way” – each individual original case is only one
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instantiation of a probability space of conflict “generation.” By varying some parameters, the
dataset may capture more of the variability of the real-world crashes, even if the original
(typically reconstructed) dataset is relatively small. In the counterfactual simulations of cut-ins
and rear-ends in L3Pilot, the VCC_original dataset (see Data section below) was used as a
basis, but variations of the original cases were used to create a larger synthetic dataset. That
said, the second major reason for creating synthetic cases is to capture conflicts that are not
in the original dataset (typically reconstructed), but where another data source may have
additional information related to, for example, some change in exposure when a technology
is introduced. Within this type of synthetic cases, we modify one of the original datasets (from
VCC) with respect to the absolute speed of the involved vehicles. We did this to study the
sensitivity of the speed (here based on the speeds from the L3Pilot on-road data collection)
on the safety benefit results.
Five different datasets were used in the L3Pilot counterfactual simulation approach that
focused on rear-end and cut-in conflicts on motorways – three of the five datasets either
were, or were based on, one original dataset (VCC_original), while we used two additional
independent datasets for sensitivity analysis. The dataset used for the scale-up to EU level,
and for further analysis in the socio-economic impact assessment of L3Pilot, was synthetic
variations of data from Volvo Cars’ in-depth crash database, while the four datasets used for
sensitivity analysis were a) the original Volvo Cars dataset sample, b) synthetic variations
with respect to L3Pilot absolute speed (from the L3Pilot CDB) of the original Volvo Card
dataset sample, c) TASC (Traffic Accident Scenario Community) data, generated in a
collaboration between Toyota Motor Europe and Fraunhofer IVI, based on police-reported
data from Germany, and d) near-crashes from the SHRP2 naturalistic driving data from the
US. Descriptions of each respective dataset can be found in the Data section below.
The sensitivity analyses were done to a) check the robustness of safety benefit simulation
results across different datasets (to see how safety benefit results differed when the
technologies under assessment were applied to the slight synthetic variations of the original
Volvo Cars sample, and the TASC crash data, respectively, compared to the original
crashes) , b) check if extrapolation of available crash data to better represent the speed
distributions of the consolidated database, where L3Pilot pilot data was stored, substantially
affected the safety benefit assessment, and c) assess whether the ADF may “create”
crashes in situations where drivers avoided critical situations in real-world critical conflicts
(i.e., the simulations applied to near-crashes).
The following provides descriptions of the individual datasets with respect to their origin (e.g.,
their method of creation and what population they are from), data processing and
inclusion/exclusion criteria, any weighing process used, and a description of the main
limitations.
Dataset VCC_Original – a sample from Volvo Cars Traffic Accident Database (VCTAD)
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VCTAD has been created (and is continuously updated) through Volvo Cars internal crash
investigation team (Isaksson et al., 2005). The database consists of crashes involving at
least one Volvo car, where the cost of repairing the damage to the (Volvo) car caused by the
crash was above €4000 (SEK 45,000). The database was filtered with the following criteria:
speed limit >=70km/h, highway or expressway roads, accidents from calendar years 20062017. Two VCTAD conflict situations were considered for the L3Pilot pre-crash simulation
baseline, and a total of 344 rear-end frontal crashes and 257 opponent lane-changes were
selected. The two conflict situations are illustrated in Figure A 1.8.

Figure A 1.8: The two conflict cases considered. First, Rear-End Frontal: ego-vehicle (blue)
and conflict partner (red) going in the same direction in the same lane. This VCTAD scenario
was split into the two L3Pilot scenarios P1 Rear-end (car-following) conflict and P2 End of
traffic jam (rear-end) conflict. The second VCTAD scenario was Conflict partner lane change:
ego-vehicle and conflict partner going in the same direction in different lanes and the conflict
partner changes to the lane on its right or left hand. This scenario was split into the L3Pilot
scenarios P3a Cut-in (rear-end) conflict and P3b Cut-in (sideswipe) conflict.
A random subsample of VCTAD was selected (with one exception; see below) out of the
crashes that fulfilled the filter criteria described above. This resulted in 44 rear-end striking
crashes and 51 lane change crashes that were used in the L3Pilot VCC_original simulation
batch (see Data below). The proportion of conflict partner lane changes that led to egovehicle frontal impacts in the sample was relatively low. We therefore oversampled this
scenario by a factor of three (specifically looking for such cases, rather than just taking a
random selection across all cases), which consequently was taken into account in the
weighting of the cases in post-processing/analysis.
Each case was digitized by Volvo Cars’ crash investigation team. That is, they were all
described as pre-crash time-series data. Based on the crash investigator’s compilation of all
information that was available for the specific case (e.g., from the claim reports, the police
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report, photos, EDR and from interviews or surveys of the precrash phase), each case was
digitized in order to provide vehicle paths in relation to vehicle velocities and to the
surroundings. The case digitization of output data in MATLAB-format was converted into the
OpenDrive/OpenScenario formats. Each case’s time-series data represented the “static”
trajectories of that crash. The Volvo Cars data were delivered in the OpenScenario and
OpenDrive file formats, making it easy to integrate in the simulation tool.
Four examples (video frame snapshots) from the original data, as replayed in the simulation
tool, are shown in Figure A 1.9. The four snapshots are examples of the four different
scenarios for which counterfactual simulations were conducted. As you can see, multiple
vehicles may be involved in the situation, but the crash of interest for this study only involved
two vehicles (the ego-vehicle and the conflict partner vehicle).

Figure A 1.9: Screenshots from the simulation tool: P1 Rear-end (car-following) conflict (top
left), P2 End of traffic jam (rear-end) conflict (top right), P3a Cut-in (rear-end) conflict (bottom
left), and P3b Cut-in (sideswipe) conflict (bottom right).
As it may be that the VCTAD data may not be representative for Europe, we performed
weighting from the sample used in L3Pilot to the CARE data used to represent Europe in
L3Pilot. Actually, as the sample we got was not exactly representative of all the crashes that
it was set to represent in VCTAD (e.g., the crashes when the filter criteria speed limit
>= 70 km/h, highway or expressway roads, and accidents from calendar years 2006-2017
was applied), weighting was also performed between the sample and the full dataset, as an
intermediate weighting step. As joint distributions of relevant variables were not available for
VCTAD, we decided to focus on weighting of the events with respect to the road conditions

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 22

(see Table A 0.7). That is, we used the distributions of the road-condition variable in the rearend frontal and conflict partner lane change crashes (as defined in VCTAD), respectively. We
did stage weighting (weighting from the VCTAD to the VTAD sample, and then to CARE) in
the post-processing (see Table A 0.7) by applying the final (rightmost/bold in Table A 0.7)
weights on a per-case basis. See Table A 0.7 for the construction of the weighting and the
final weights.
Table A 0.7: The number of samples per road-condition category, per dataset, and the
weighing process. The rightmost (bold) weights were used as weights on the VCC_original
data. All data are the subsets as defined by the ODD (e.g., “VCC entire database” here
means the part of the VCTAD that remains after applying the filter speed limit >=70km/h,
highway or expressway roads, and accidents from calendar years 2006-2017).
Rear-end Frontal
Road
condition

Count
VCC_original
sample

Count VCC
database
(speed limit
>=70km/h,
highway or
expressway,
calendar
years 20062017)

Count
CARE
(L3Pilot
set)

Weight
VCC_original
sample

Weight VCC
database
(speed limit
>=70km/h,
highway or
expressway,
calendar
years 20062017)

Weight
CARE
(L3Pilot
set)

Dry

26

205

14298

7.88

69.75

549.92

Snow/ice

9

45

132

5.00

2.93

14.67

Wet

8

76

2783

9.50

36.62

347.88

Unknown

2

7

5

7.00

0.71

5.00

Sum

44

333

17218

Count
VCC_original
sample

Count VCC
database
(speed limit
>=70km/h,
highway or
expressway,
calendar
years 20062017)

Count
CARE
(L3Pilot
set)

Weight
VCC_original
sample

Weight VCC
database
(speed limit
>=70km/h,
highway or
expressway,
calendar
years 20062017)

Weight
CARE
(L3Pilot
set)

Dry

42

193

2851

4.60

14.77

67.88

Snow/ice

5

30

73

6.00

2.43

14.60

Wet

4

30

713

7.50

23.77

178.25

Sum

51

253

3637

Conflict partner lane change
Road
condition
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In addition to the weighting on the road-condition variable, we performed a sensitivity
analysis where we executed the post-processing with weights, also considering the ego and
conflict partner vehicles’ speeds at impact, assuming variable independence. See the
Results section for details.
Dataset VCC_synth_variations – The Volvo Cars in-depth crash dataset (VCTAD) with
“within reconstruction bounds” variations
This dataset used the VCC_Original dataset as the base, modifying some parameters for
each case, creating differences in the pre-crash kinematics. The variations were produced in
such a way that the outcome of the simulations could have been what happened in the
original cases, given the available information for reconstruction – capturing uncertainties.
For each event in the deceleration levels, ten variants were created. The following is a
description of the process of creating the variation. In short, some features of a crash case in
the VCC_Original dataset were maintained, in order to preserve the empirical findings in the
crash case investigation. Within these “preservation constraints,” a few variables were
altered according to distributions considered realistic for the circumstances in the crash case.
On a higher level, the individual parameters were not fixed and changed one at a time;
instead each parameter had a specific distribution of variability, and for each event we
sampled each independently, but made sure that certain features of the resulting events
were maintained (see description below).
Preserved features of a crash variations
Some key features were preserved for each original case in order to be able to say that each
synthetic case is a reasonable representation of the original case. For example, variables
where the information is possible to validate (e.g., information on crash configurations for
single-impact crashes) were not altered for generation of synthetic cases.
For rear-end frontal situations, the following features were preserved in the preparation of
synthetic cases for the current study:
•

Ego-vehicle and conflict-vehicle positions in relation to each other at the time of crash
(impact position and angles)

•

The order of braking among road users

•

The order in which the road users stopped (if they did)

•

Deceleration levels must be kept feasible during variations

•

The sequence of events in terms of order of which the involved participants collide

Variations of variables in crash cases
One example of a variable that can be considered for variations due to the uncertainty
stemming from the retrospective data collection method in all cases where event data
recorder (EDR) signals was not available is the speed of host and opponent vehicles.
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Preserving the features in the list in the previous section and varying uncertain variables is
the base of generation of the synthetic rear-end frontal events in the VCC_synth_variations
dataset. The following variables were altered, based on distributions from it:
•

speed profiles for all road users

•

timing of ego and opponent braking

Varying the speed profiles and timing
Each road user has a speed profile from the reconstruction of the original case based on
estimates using available information. To be able to vary the speed profile, certain time steps
are identified within it. Such a time step is where the properties of the profile change, for
example, when the road user starts braking or stops or starts accelerating.
In Figure A 1.10, an example of a speed profile together with its synthetic variations is
shown. In this example, the vehicle stood still and then accelerated until it drove with a
constant speed. Each colour represents a period when the characteristic of speed profile is
fixed (e.g., standing still (blue), accelerating (green), driving with constant speed (pink)). The
time where the vehicle was starting to accelerate is varied within the range of +/- 1 second.
Also, the time where the vehicle started driving with constant speed is varied together with
the speed it reached at that time. This generates different speed profiles, which all have gone
through feasibility checks (which include checking for reasonable acceleration levels) and are
thus considered to be valid representations of the original case.

Figure A 1.10: Example of speed profile variations.
The resulting dataset (with the speed and dimensions varied, i.e., VCC_synth_variations) is
the dataset that was used in the upscaling and works in following steps of evaluation in the
L3Pilot. The other datasets (i.e., VCC_original, VCC_Synth_CDB-speeds, TASC, and
SHRP2_near-crashes) were only analysed from a sensitivity analysis perspective. The
reason for using the VCC_synth_variations dataset was that it was the largest and
considered the most representative available, given the L3Pilot assessment aim.
Dataset VCC_Synth_CDB-speeds – The original Volvo Cars Traffic Accident Database
(VCTAD) with speeds from L3Pilot Consolidated database (CDB)
This dataset used the VCC_Original dataset as the base, but the absolute speed (at different
times for the different scenarios – see below) was modified for all involved vehicles. Speed
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distribution data from the L3Pilot treatment CDB were used. For each original case, a set of
variants (with different speed) with 10 km/h speed bins were created, based on the CDB
speed data (binned histogram – see Figure A 1.11 for the detailed histogram from the CDB
and Figure A 1.12 for the histogram with the bins used in the counterfactual simulations).
Note that this was only done as a conservative sensitivity analysis, as there were some
major assumptions made. First, we modified the speed of all involved road-users, keeping
the acceleration profiles of all vehicles – the speed profile is just shifted to lower/higher
speeds. This means that, for example, the acceleration profile of the lateral motion of the
lane change (in a cut-in) was kept the same as in the original, creating faster lateral motions
when the speed was increased from the original – possibly faster (or slower, if a slower
speed was simulated) than what real (target vehicle) drivers may perform.
The second main assumption is related to the fact that just because the speed is higher, it
does not mean that the crashes happen (for each crash type) at that speed – the distribution
of speeds being as they are in the L3Pilot CDB does not mean that, for example, cut-in
crashes happen at those speeds, with the probability of “original” distribution of the L3Pilot
CDB speeds. Finally, and perhaps most importantly, we only vary the speeds of the
treatment simulations, simply comparing the counterfactual results of the speed-adjusted
cases with the baseline cases in the Dataset VCC_synth_variations dataset, as a sensitivity
analysis. That is, we are not calculating the crash outcome severities for the new (speed
adjusted) baseline, as we have not included a computational driver response model. The
reason we are not considering the counterfactual simulation of the speed-adjusted cases as
baseline is that they are not realistic representations of how drivers would drive. For
example, drivers adjust THW as a function of speed, and drivers react (somewhat) differently
to conflicts at different speeds (e.g., with respect to steering and braking).
The following was the speed modification process for each case in the VCC_original dataset,
and for each speed bin in the speed distribution of the respective scenario types. The highresolution ego-vehicle speed probabilities for the scenarios can be found in Figure A 1.11,
while the histograms actually used in the simulations are shown in Figure A 1.12:
•

The point in time at which we wanted to modify the speed was identified:
a. For cut-ins (both those that end up in a rear-end and sideswipes): the time
when the conflict partner (cutting in) vehicle enters the ego-vehicle lane (first
crosses the lane marking).
b. For P1 Rear-end (car-following) conflicts: the time when the lead vehicle
(conflict partner) starts braking (as the cases are reconstructed, the speed
profiles are “clean,” making this definition quite straightforward).
c. For P2 End of traffic jam (rear-end) conflicts: the start of the event (constant
ego-vehicle speed). For this scenario type, only the ego-vehicle speed was
modified.
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•

The difference between the original ego-vehicle speed in the case and the speed bin
to be simulated was calculated. This difference was kept (target_speed_diff).

•

The speed of the ego-vehicle was set to the speed to be simulated, at the identified
modification time. This was done by offsetting the ego-vehicle’s longitudinal speed at
the modification time to the set speed. The trajectory of the vehicle was then
recreated, using the new speed profile (integrating it). Trajectory recreation process
was performed in the following way:
a. The distance travelled over time was computed, for the original and the new
speed profiles. The vehicles needed to follow the path of the original event up
to the point of the system intervention. To obtain this, for every value of the
new distance travelled the closest match with the original distance travelled
was found, together with the timestamp in the original time vector. This
allowed us to get the heading information that the vehicles originally had at
the same point in space, and that, following the new speed profile, they would
need to have at a different time in the event. In case of an increase of the
speed, the vehicles exceeded the longitudinal distance travelled in the original
event. In these cases, after the end of the original trajectory, the heading
information of the road was used instead.

•

The new x-position, y-postion, and heading for the ego-vehicle were updated in the
OpenScenario file.

•

For the cut-ins and the car-following scenario (P3s and P1), once the ego-vehicle
speed had been modified, the speed of all other road users in the OpenScenario file
was modified, offsetting each vehicle’s speed at the speed modification time with the
target_speed_diff value (from the target vehicle’s speed). The new x, y, and heading
for the other vehicle were updated in the OpenScenario file.

•

For the P2 End of traffic jam (rear-end) conflict the ego-vehicle speed was the only
speed that was modified (assuming “traffic jams” at the range of speeds in the CDB).

•

For each case, the probability related to the speed used (the probabilities of each bin
of the speed distribution in Figure A 1.11) was stored for prevalence weighting in the
post-processing.
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Figure A 1.11: The detailed probabilities for the ego-vehicle speeds in the L3Pilot CDB
database, per scenario (cut-ins, upper left; P1 Rear-end (car-following), upper right; P2 End
of traffic jam (rear-end), lower left).

Figure A 1.12: The histogram (probabilities) for the ego-vehicle speeds in the L3Pilot CDB
database, per scenario (cut-ins, upper left; P1 Rear-end car-following, upper right; P2 End of
traffic jam, lower left). Each bin of these histograms was simulated to generate the
VCC_Synth_CDB-speeds dataset. These were the bins used in the simulations.
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The same weights as in the VCC_original were used also for these events.
The TASC (Traffic Accident Scenario Community) data – a dataset generated in
collaboration between Toyota Motor Europe and Fraunhofer IVI
The TASC accident data come originally from the police database in the German state of
Saxony, which is accessible to Fraunhofer IVI. The original dataset (police-reported data)
contains information at accident level (e.g., location, WGS coordinates, general accident
type, accident category, accident description, cause of accident), at participant level (e.g., the
type of conflict partner) and person level (injury level) (Urban et al., 2020a). To this data,
participant trajectories as well as speed profiles for each conflict partner were added, using a
specific process and dedicated tools in order to define the collision path of each conflict
partner (Urban et al., 2020a). The next step was performing accident simulations using
PC Crash, creating data from 5 seconds prior to the collision point. The output data from
simulation, together with metadata, were then stored as a .json file (for each case), allowing
for conversion to other formats such as PCM, OpenScenario and OpenDrive, as well as
commercial software.
A subset of the TASC data, containing around 1,500 highway accidents from 2018-2019,
was used as a basis for the data used in L3Pilot. Each of the highway accidents was
classified as one of the specific scenarios according to the Traffic Disturbance Scenarios
described in the JAMA Automated Driving Safety Evaluation Framework (Taniguchi et al.,
2020). In this process, the original position of each conflict partner at the beginning of the
simulation and at the collision point was considered (Urban et al., 2020b).
The TASC_original data used in the L3Pilot counterfactual simulations consisted of 6 cut-in
cases (only P3a Cut-in (rear-end)) and 161 Rear-end (car-following) cases. Results from the
counterfactual simulations using the TASC data were only used as a sensitivity analysis, as
we did not have access to the information needed to perform proper weighting, and it would
be difficult to merge different datasets for the scale-up. We also only had data for some of
the analysed scenario types, and the number of crashes for the P3a Cut-in (rear-end)
scenario only contained 6 cases. It was sensitivity analysis in the sense that we compared
the results with the VCC_synth_variations dataset to see if there were large differences.
The TASC data was delivered as .json files. To enable counterfactual simulations, each case
had to be converted to OpenScenario and OpenDrive files. Each case consisted of only two
vehicles (ego and the conflict partner), and for a large subset of the cases no road/lane
marking information was available. To enable the L3Pilot simulations, we had to “add” lanes
to the data (in the OpenDrive files). As the definitions of all cases were that the ego-vehicle
was to drive in the centre of its own lane continuously, we decided to use the path of the egovehicle as the basis for the lane markings. We took the x- and y-positions of the ego-vehicle
and placed the closest lane marking 3.5/2 m perpendicularly out from the ego-vehicle
trajectory. In this way the ego-vehicle lane would always drive in the centre of the (3.5 m
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wide) lane. Additional lanes were created (3.5 m wide), as needed, to the right and left of the
ego-vehicle lane, using the same technique (perpendicularly 3.5 m away from the previous
lane).
In the same way as for the other cut-in data, the point in time when the target vehicle just
entered into the ego-vehicle lane was identified, and the counterfactual simulations started
from this point (to make sure the ADF was properly synced to the critical part of the event).
Dataset SHRP2_near-crashes – Data from the SHRP2 naturalistic driving database
The SHPR2 naturalistic data were collected in six sites across the US during 2013-2015. A
total of 3370 vehicles, driven by more than 4000 drivers, collected more than 5.5 million
driving trips across all different road types. The data collection was funded by the US
government, and the data were made available for research through Virginia Tech
Transportation Research Institute. Data can be viewed at https://insight.shrp2nds.us/. A total
of 1049 crashes were found across the three most severe crash types in SHRP2 (not
including the fourth, Low-risk/Tire Strike “crashes”). In addition to crashes, the SHRP2 data
include non-crash conflicts. The most severe such conflict type is called near-crashes, which
VTTI defines as “any circumstance that requires a rapid evasive manoeuvre by the subject
vehicle, or any other vehicle, pedestrian, cyclist, or animal, to avoid a crash. A rapid evasive
manoeuvre is defined as steering, braking, accelerating, or any combination of control inputs”
(Hankey et al., 2016). There are a total of 6921 near-crashes in the SHRP2 database, of
which 3072 are rear-ends (defined with this SHRP2 insight query), and 947 are cut-ins (or
similar; defined with this SHRP2 insight query).
The SHRP2 naturalistic driving data used in the counterfactual simulations in L3Pilot
consisted of 50 near-crashes of the type P3 Cut-in (rear-end). Results from the
counterfactual simulations using the SHRP2 data were only used as a sensitivity analysis,
studying if the L3Pilot ADF would have been creating crashes in cases that were critical, but
where the driver was avoiding a crash. If (any) crashes were created out of near-crashes
when the ADF was introduced, this would be considered a negative safety impact of the
system and would have to be balanced against its positive effects.
The SHRP2 near-crash data was made available for safety benefit assessment in the
Chalmers internal project “Rear-end collisions and similar incidents - understanding driver
behaviour and preventive measures” and the data have the DOI 10.15787/VTT1K013
(http://ezid.cdlib.org/id/doi:10.15787/VTT1K013), with results presented in L3Pilot. The data
were partially based on the time-series data available in the “Rear-end collisions…” project
and partially came from manual annotation of video images. The annotations were performed
in an ongoing MSc student project at Chalmers University of Technology, using an
annotation tool developed in a series of student projects (pre-L3Pilot analysis, e.g., in Hamdy
(2020a) and Hamdy (2020b), and the ongoing MSc project by Chau and Liu (2021)). The
time-series data, together with the annotations, made up the 50 near-crash conflicts used in
the counterfactual simulations.
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The annotation work consisted of the following:
•

Annotators reading the time-series data from a pre-selected event

•

In the annotation tool, click on the video to mark the ego-vehicle’s right and left lane
markings, at a time early enough that the entire critical event was captured.
Thereafter the annotation moved to a frame farther ahead and marked the right and
left lane markings there too. The tool then interpolated between the annotations when
the video was played (or stepped through), showing interpolated lane markings on
top of the video. If the road is completely straight and drivers drive exactly in the
middle, only two annotations (start and end of the manoeuvre) are needed. However,
in most cases there are slight curvatures on the road, or the ego-vehicle drifts slightly
in the lane. By adding annotations between the start and the end, until the on-video
overlaid (interpolated) lane markings are smooth and on-top of the lane markings on
the video, the annotation of lane markings is completed.

•

The second part is for the annotator to mark the width of the target vehicle in the
image. Using the mouse, the annotator creates a box around the rear-lights of the
vehicle. By repeating this in several frames (not every frame, but whenever a relative
change in the image is not linear), the annotator can create smooth vehicle tracking.
If the annotated or interpolated (in frames between annotated boxes) boxes do not
cover the rear-lights of the target, the annotator can simply add another frame. This is
done until the relative motion of the target vehicle is smooth and covers the entire
critical event.

•

Often radar data is available once the conflict partner vehicle is in the ego-vehicle
lane (but not before). Then, the tool has a functionality to modify the estimate of the
width of the target vehicles that the “box-marking” distance measurements use. That
is, the radar is then used to calibrate the manual annotation-based distance
measurement (but the radar is typically not available when the target vehicle is in the
adjacent lane). See Figure A 1.13.

•

When the target vehicle has been annotated, any vehicle in front of the ego-vehicle is
annotated in the same way. The same is done for any vehicle in the adjacent lane
(the vehicle just in front of the cut-in vehicle), if it exists. These two vehicles are not
used in L3Pilot, but in driver modelling work by the students.

•

Additional information that the annotator marks is the point in time when the target
vehicle enters into the ego lane (for cut-in events), the point in time when the target
vehicle initiates lateral motion (for cut-in events), and, if applicable (e.g., in cut-in
events), annotations of the pixels in the image where the annotated vehicle’s (conflict
partner or other) wheels contact the road. These annotations were used for
verification (e.g., the wheel contacts, to provide a rough relative heading angle).
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•

The ego-centred trajectories are then transformed to global coordinates, and the
trajectories are smoothed using B-spline fitting. This is then the data used in the
simulations.

A reader may ask why we have not used image processing to perform these tasks. Actually,
we have had several student projects, where students have applied a variety of methods
(lane tracking, vehicle tracking, etc.), from different sources, but due to the low quality and
sampling frequency (15 Hz) of the SHPR2 video, it has always ended up being faster just to
manually annotate the entire event (as there are not that many) than to do fully automated
image processing (which never is perfect), and having to correct those in several frames.
Interrater reliability assessment of the method has been performed in previous student work
(see references above).

Figure A 1.13: A screen shot of the annotation tool used to extract the SHPR2-naturalistic
driving data (Hamdy, 2020b). Note that as we are not allowed to distribute any videos (or
images) from the SHRP2 dataset, the images above are from an open-source video from the
Internet (and thus do not match the example radar to the left – this is only for demonstration
purposes).
As the data were available in MATLAB (post-processing was made in MATLAB), the
trajectories had to be converted from a MATLAB format to the OpenDrive and OpenScenario
formats.
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Analysis
The counterfactual simulations provided information about whether each counterfactual case
was a crash or not, and what the impact speed was for each involved vehicle. These data
were then used to calculate the proportion of avoided crashes (comparing baseline, baseline
with AEB, and treatment (ADF)), and the injury and fatality risk (severity) of each crash,
across the three system conditions. The severity calculations, as well as how the severities
were combined into a crash-level metric (i.e., combining the risks for occupants in both
involved vehicles), can be found in section 1.3.2.1.
The main results are available in section 1.3.2.1. The sensitivity analysis (covering the
simulations of all the datasets, with the simulations results of the VCC_synth_variations
dataset as a reference) is presented in section 1.3.2.1. This analysis consists of comparing
the different simulations, reflecting on differences between them.
In summary, counterfactual simulation tools are used in the simulated safety scenarios in the
safety benefit assessment of: Rear-end conflict, End-of-traffic-jam conflict and Cut-in conflict,
or specifically:
•

P1 Rear-end (car-following) conflict

•

P2 End of traffic jam (rear-end) conflict

•

P3a Cut-in (rear-end) conflict

•

P3b Cut-in (sideswipe) conflict

A1.3.1.2 Monte-Carlo traffic simulation-based assessment
In the simulation by means of the Monte-Carlo approach, the start parameters of each
simulation are sampled from distributions. These distributions have been defined before,
based on accident data, naturalistic driving data or L3Pilot data. Thus, there is no direct link
to a certain real-world scenario. The link is in this approach established indirectly by means
of the applied distribution. The starting parameters need to be defined for the ego-vehicle (in
the baseline a manually driven car; in the treatment an automated vehicle), for scenario
agents (traffic participant which executes a pre-defined manoeuvre) and to a certain extent
also for the road traffic.
The advantages of the Monte-Carlo approach are that it provides more flexibility in terms of
simulation time (i.e., it is not limited to the time frame of the original case) and number of
simulation runs. The associated challenge is that its advantage results in higher simulation
efforts (i.e., more simulations required to reach stable results) and the higher requirements
are set for the driver behaviour model, since there are no predefined trajectories as for the
re-simulation approach. Therefore, the Monte-Carlo approach has been selected for the
scenarios which either require a longer simulation time (e.g., P4 lane change conflict), for
which only a few accident data are available (e.g., P5 VRU conflict) or which have been
identified to be challenging for the ADF. Stochastic computer simulations of traffic scenarios
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(simulation-based process step) are conducted as well. Their objective is to determine the
change in the frequency of driving scenarios per traffic scenarios from the baseline scenario
to the defined treatment scenarios. In contrast to the driving scenario, the traffic simulations
cover a longer simulation period and include no pre-defined manoeuvre. For the traffic, just
the traffic volume is defined. The variations between the single simulation runs result from
the different initial conditions as well as from the different driver behaviours in the simulation.
In the simulation, the behaviour of the traffic participants is either determined by means of a
driver behaviour model or by means of pre-defined manoeuvres. The pre-defined manoeuvre
is defined by the driving scenario in question, i.e., in case the effect of a MRM should be
analysed, it needs to be ensured that the ego-vehicle conducts a minimal risk manoeuvre in
the simulation. For each simulation run, whether a collision occurs as well as, in case of a
collision, the parameters of the collision are checked. The collision parameters are used in
subsequent steps to determine the injury severity (see Injury risk function, chapter 1.2.5). For
the traffic scenario, the frequency is determined by the detection algorithm as defined for the
technical traffic assessment.
For the Monte-Carlo simulations, the simulation openPASS (open Platform for the
Assessment of Safety Systems) is used. openPASS is an open-source simulation tool which
was developed under the umbrella of the Eclipse Foundation (openPASS, 2021). The
openPASS initiative was started by BMW, Daimler and Volkswagen in 2016 with the aim of
developing a tool that implements the P.E.A.R.S. methodology (P.E.A.R.S. Consortium,
2021). openPASS is built in a modular manner. This allows the combination of the
openPASS core with different models. Models, scenarios and agent components can be
connected to the core via standardized interfaces like OpenSCENARIO, OpenDRIVE,
openSensor interface and function mock-up interface. For the simulation in L3Pilot, BMW’s
internal openPASS release 1.7.15 has been used. The only exception is the obstacle in the
lane scenario that has been simulated with BMW’s openPASS release 1.7.23.
A key model for the stochastic simulations is the driver behaviour model. In the openPASS
simulation BMW’s Stochastic Cognitive Model (SCM) is applied (Wang et al., 2017; Witt et
al., 2018; Witt et al., 2019). An overview of the different process steps of the SCM is given in
Figure A 1.14. The SCM model is applied for all non-automated vehicles in the simulation. In
first step prior to the simulation, the parameters of an agent are sampled from distributions
that represent the driver population based on data from Germany. During the simulation, the
gaze direction and gaze duration in this direction are determined on a stochastic basis. The
agent receives the information from the area at which it is looking. From the adjacent areas,
the agent receives inaccurate information. From areas far away, the agent does not receive
any information. The received information as well as the information from previous steps is
used to build a mental model of a given situation. In the situation manager, the mental model
is assessed. Based on the determined intensity and a stochastic component, the agent
decides on the driving situation, for which it believes that it applies for it. This decision is then
used in the action manager to determine an appropriate reaction to this situation. Again, the
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action manager includes a stochastic component, which could lead to a different reaction by
the same agent in the same situation. Once the agent has decided on the action, it is turned
into pedal positions and a steering wheel angle.

Driver Characteristics

Information Acquisition

Mental Model

Situation Manager

Useful field of view, errorprone

Situation

Periphery: extrapolation, errorprone
Objects not perceivedbydriver
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Figure A 1.14: Overview information flow and decision process of the SCM model in the
Example “passive cut-in.”
openPASS is used in the following motorway scenarios: VRU conflict, Minimal risk manoeuvre,
Wrong activation, End of lane, Obstacle in the Lane, Lower speed limit and Motorway entrance
(passing). In addition, traffic scenarios are simulated with openPASS.

A1.3.2 Results
A1.3.2.1 Counterfactual simulation approach
The main results from the analysis, which also was used in the scale-up process and in
further L3Pilot analysis, are presented in Annex 1.6. This section describes the detailed
results from the counterfactual simulations performed for cut-in and rear-end striking events,
with focus on the sensitivity-analysis performed and distributions of fatality and injury risks.
The following figures show the proportion of avoided crashes and the injury and fatality risk
for each of the four scenario types assessed through counterfactual simulations, for baseline
(manually driven car), baseline with AEB, and with ADF (treatment). The upper part (outlined
light colours) of the leftmost set of bars (Avoided crashes) shows the proportion of avoided
crashes, while the upper part (solid) is the proportion of remaining crashes. The remaining
four sets of bars show the risk of property damage, slight injury, serious injury, and fatal
injury, respectively. That is, those groups of bars are describing what the characteristics are
of the remaining crashes (i.e., the lower part of the “avoided crashes” bar set). Note that for
the rightmost set of bars (risk of fatality) the right-side y-axis should be used, while for the
other, the left side y-axis should be used. Within each set of bars, the results from each of
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the datasets are shown. Note that for some scenarios results from one of more of the
datasets were not available. This is then noted in the caption of the figures. For the top plot
(baseline), naturally no crashes are avoided (except for the SHRP2 data, which include only
near-crashes, all of which are avoided). In the following, the detailed results are presented.
Figure A 1.15 shows the results from the car following scenario. Note that SHRP2 data was
not available for this scenario. The figure shows that the proportion of avoided crashes
across the four crash-datasets ranges between (approximately) 25-45% for AEB. It also
shows that the distributions of all risk measures are similar between baseline and with AEB,
and across all crash-datasets. The ADF avoids all crashes of this type.

Figure A 1.15: Results from the P1 Rear-end (car-following) scenario. The top panel shows
the results of the counterfactual simulations for baseline and the lower panel the results for
baseline with AEB. All crashes were avoided with the ADF, for all datasets (a third panel was
then excluded as it would be empty).
Figure A 1.16 shows the results from the approaching slower scenario. Note that no CDB
speed variation, TASC data, or SHRP2 data are available for this scenario. The figure shows
that the distribution of property damage and slight and serious injury is relatively similar
(between the two datasets that were available for this scenario) in baseline and with AEB.
Between 65% and 75% of the baseline crashes are avoided with AEB. The ADF avoids all
crashes of this type.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 36

Figure A 1.16: Results from the approaching slower scenario. The top panel shows the
results of the counterfactual simulations for baseline; the lower panel shows AEB. ADF is not
included as all crashes were avoided when ADF was applied to the crashes.
Figure A 1.17 shows the results from the cut-in that becomes a rear-end scenario. The
proportion of avoided crashes across the four crash datasets ranges between 60-75% for
AEB. It also shows that the distributions of all non-fatal risk measures are similar between
baseline and with AEB, even if between 30% and 50% of the baseline crashes are avoided
with AEB, and across all crash datasets. The fatality risk is lower than baseline, even for the
remaining crashes after AEB application. The ADF avoids all crashes in the TASC dataset
(but these are very few, N=5, so it is likely to be by chance), but for the remaining datasets
approximately 20% of the crashes remain also with AEB. The fatality risk for the remaining
crashes is lower for ADF than for AEB.
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Figure A 1.17: Results from the P3a Cut-in (rear-end) scenario. The top panel shows the
results of the counterfactual simulations for baseline, the middle shows baseline with AEB,
and the lower, ADF.
Figure A 1.18 shows the results from the scenario where the target vehicle makes a lanechange that turns into a side-swipe (the target hits the side of the ego-vehicle). The figure
shows that none of the baseline crashes are avoided by either AEB or ADF. Note that no
TASC data or SHRP2 data were available for this scenario.
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Figure A 1.18: Results from the P3b Cut-in (sideswipe) scenario. Only the baseline results
are shown here, as all of the crashes were avoided by both AEB and ADF.
As described in the method section, the results above are based on simulations where
weighting was applied based on the road conditions (see Annex 1.3.1). We did not weight
the outcomes on multiple variables, as we did not have joint distributions of the parameters
we wanted to weight on. However, as a sensitivity analysis, we performed weighting where
we also applied weights of the ego and conflict partner speeds at impact between the sample
of VCTAD (Volvo Cars in-depth crash data) and the VCTAD entire data with the selection
criteria applied (speed limit >= 70 km/h, motorway or expressway, and crash from 20062017). We applied these weights independently and “stacked” (one after the other) on the
already road-condition-weighted data. The result was that including weighting also on speed
at impact had a very small impact on the final results. The maximum difference was 3.5%units, while the average difference (across all scenarios) was 0.3%-units, with a standard
deviation of 0.6%-units. For example, if the risk of serious injury was 0.1 with only the roadcondition weight, the maximum difference of 3.5% units would mean 0.1 ± 0.0035, but where
most differences were much smaller than that. Our conclusion is that the exclusion of a
comprehensive set of parameter weighting should not substantially change the outcome of
the safety benefit assessment. There are other factors and assumptions that would impact
the overall safety benefit assessment much more.
A1.3.2.2 Monte-Carlo traffic simulation-based assessment (Driving scenarios)
For the simulation by means of the Monte-Carlo approach, seven different conditions are
analysed. The conditions include two baseline scenarios in which the ego-vehicle is driven by
the SCM driver. The difference between the two baseline conditions is the 7.5% AEB
penetration rate for the traffic of manually driven vehicles. Next to the baseline conditions,
there are four different treatment conditions, in which the ego-vehicle is driven by the ADF.
The difference between the treatment conditions is the ADF penetration rate for the
surrounding traffic. Originally, a fifth treatment condition with an ADF penetration rate of
100% had been planned. However, this condition could not be simulated due to timing and
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storage issues. Here, it must be considered that the simulation for treatment condition with
30% penetration rate took already nearly 4 weeks on a standard desktop computer.
For each simulated driving scenario certain environmental conditions have been varied.
These variations include the traffic volume, the given speed limit, and the number of lanes.
An overview of the normally simulated environmental conditions is given in the table below.
Table A 1.8: Overview on considered environmental conditions for the Monte-Carlo
simulations.

Values

Traffic Volume

Speed Limit

Number of lanes

250, 500, 1000 and 1500
vehicles per lane and hour

•
•
•

2 and 3 lanes

80, 100, 120, 130, 140 km/h
55 and 70 mph
None

For each combination, the number of simulation runs has been set prior to the simulation,
independent of the condition. It is important to note in this context that the number is a
compromise between the duration of the simulation and the requirement to get comparable
results between the conditions. Due to the stochastic nature of Monte-Carlo, these
simulations vary between the conditions. Therefore, the number of simulations should be as
high as possible to minimize these differences and to achieve comparable results. An
overview of the simulated conditions and the number of simulated runs is given in Table A
1.9.

Baseline

Baseline
AEB

Treatment
0

Treatment
5

Treatment
10

Treatment
30

Table A 1.9: Overview of scenarios simulated by means of the Monte-Carlo approach.

MV

MV

ADF

ADF

ADF

ADF

AEB (Traffic)

0

7.5%

7.5%

7.5%

7.5%

7.5%

ADF (Traffic)

0%

0%

0%

5%

10%

30%

Penetration Rate
-

Type Ego-vehicle

-

Number of simulated Events
-

P4 Lane Change Conflict

3507

3279

2231

2192

2313

1921

-

P5 VRU Conflict

2507

2534

2606

2633

2651

2574

-

N1 MRM

4493

4487

4503

4501

4493

4259

-

N2 Wrong Activation

5195

5199

4495

4500

4488

4444

-

N3 End of Lane

1726

1728

1732

1732

1734

1719

-

N4 Obstacle in the lane

4502

4519

4520

4468

4511

4284
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Baseline

Baseline
AEB

Treatment
0

Treatment
5

Treatment
10

Treatment
30

-

N5 Lower Speed Limit

3832

3827

2796

2789

2885

2878

-

N6 Motorway Passing

2208

2339

2367

2342

2372

2381

In the end, approximately 155,000 simulations were conducted for the safety impact
assessment of the driving scenarios. In these simulations the ego-vehicle drove
approximately 241,000 km (manually approximately 91,000 km; automated approximately
150,000 km). This is slightly less than in the L3Pilot, in which the vehicles drove 200,000 km
in automated mode. However, it must be noted that the simulation drove the distance only in
critical scenarios. All simulated vehicles drove in total approximately 28 million km during the
simulations. The generated simulation data exceeded 2.2 Terabytes.
The main indicator of the analysis of the safety impact assessment is the crash rate of the
ego-vehicle per condition. For the crash rate any collision is considered in which the egovehicle has been involved, independent of whether the ego was at fault or not. The results
are presented per scenario in the following.
The scenario P4 “Lane change conflict” has been simulated as part of the traffic scenario
simulations and in contrast to the other driving scenarios, not as a separate scenario. The
reason for this decision is that the logic of the mature L3Pilot function decides based on the
traffic situation whether it should conduct a lane change or not. Therefore, the traffic situation
needs to be as realistic as it can be in the simulation. Any staged scenario in which it is
predefined when a lane change should be conducted would neglect this aspect. For the
analysis, every lane change manoeuvre conducted by the ego-vehicle has been detected
and counted. The collisions that have been considered were detected by the standard
collision detection algorithm of openPASS and in addition they need to fulfill the requirement
that the collision occurs in a time frame up to 10 s after the lane change. Collisions that
occurred earlier or later were not considered. The unweighted simulation results of this
scenario are given in Table A 1.10.
The results show accident reduction between treatment conditions 0 to 10 and the baseline
AEB condition between 15% - 22%. It must also be noted that at the same time, according to
the traffic simulation (see chapter 1.3.2.1), the frequency of lane changes decreases for the
ego-vehicle in the treatment conditions by 65% – 69%. This finding is more or less in line
with the pilot data, which report a reduction of 57%. In terms of injury, there are only minor
differences between the baseline and treatment conditions. It is expected that this variation
results from the stochastic simulation approach. The probability of having a fatal accident in
treatment condition 3 seems to be an outlier, since previously a decreasing trend over the
increased penetration rate of ADF is detected.
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Table A 1.10: Simulation results of scenario “P4 Lane Change Conflict”.
P4 Lane
Change
Conflict

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

3.7%

73.0%

16.9%

4.2%

Baseline AEB

3.8%

74.8%

15.9%

1.8%

Treatment 0

3.2%

74.4%

19.1%

1.8%

Treatment 5

2.9%

73.4%

20.1%

1.8%

Treatment 10

3.0%

73.0%

19.1%

3.6%

Treatment 30

4.0%

75.6%

18.4%

1.4%

In the P5 scenario a VRU is either approaching the ego-vehicle from the left, from the right,
or is standing still in the driving lane of the ego-vehicle. The velocity of the VRU is equally
distributed between 0 km/h, 1.5 km/h, 3 km/h, and 7 km/h. Thus, the VRU is standing still in
¼ of the simulation runs. The moving direction is equally distributed. A particular challenge in
this scenario has been to force the ego-vehicle into the conflict with the VRU, since it must
be ensured that the ego-vehicle and the VRU, which follows a pre-calculated trajectory, meet
at the same time in the same lane. If the ego-vehicle changes lanes prior to the conflict, this
is no longer a given. This resulted in the requirement that the conflict should happen as early
as possible. This limits the settling process for the simulation and traffic in this scenario. For
the analysis only the VRU accidents have been counted. The resulting crash rate and
probabilities of the different injury levels are given per condition inTable A 1.11.
Table A 1.11: Simulation results of scenario “P5 VRU Conflict”.
P5 VRU
Conflict

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

39.8%

9.7%

28.4%

61.9%

Baseline AEB

37.6%

7.4%

27.0%

65.6%

Treatment 0

39.6%

21.5%

39.3%

39.2%

Treatment 5

38.5%

21.6%

41.2%

37.2%

Treatment 10

37.8%

22.7%

38.7%

38.6%

Treatment 30

38.3%

22.6%

38.3%

39.0%

The crash rate does not show any major differences between the baseline and treatment
conditions. The lowest crash rate is detected for the baseline AEB scenario. However, this
result might be influenced by the stochastic. The standard derivation of the crash rate is
about 1%. Furthermore, there is a slight tendency that with increased penetration rate of the
ADF, the crash rate is slightly reduced. The fact that no major differences are detected for
the crash rate does not surprise too much, since the VRU enters the ego lane only shortly
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before the imminent collision. The ADF and the AEB have been implemented in such a way
that it does only react to objects in its lane. Thus, the ADF and the AEB include no
functionality that predicts the lateral movement of objects. Such predictions might be
implemented in a real ADF and could result in advantages with respect to crash avoidance.
In terms of crash severity, a clear difference between the baseline conditions can be
identified. The probability of having a fatal accident drops from 62% - 66% to 37% - 39%.
Obviously, if the probability of the most serious category is reduced, the probability for less
serious injuries increases. This can also be observed in these results. However, the
reduction shows a clear safety benefit of the ADF in this scenario. In this context, it must also
be considered that this scenario is the scenario that most likely will result in a fatal accident.
After the accident-related scenarios, the challenging scenarios are analysed. For those
scenarios, potential safety benefits are not as obvious as for the accident-related scenario.
These scenarios could even have negative effects of the traffic safety. The first scenario is
the minimal risk manoeuvre. In this scenario, a certain point of time in the simulation of a
minimal risk manoeuvre (MRM) is initiated. During the MRM, the vehicle brakes with 2 m/s².
If the situation gets critical (TTC < 3 s), the deceleration is increased up 5 m/s². The braking
is continued until either the driver takes over or the ego-vehicle has reached a standstill.
During the manoeuvre, the ego-vehicle shall not change the lane. For the take-over time of
the driver, it was the intention to use the data from the L3Pilot pilots. However, there were
nearly no MRM detected within the data. Therefore, it was necessary to use the take-over
times that were measured in take-over requests (TOR) in one of L3Pilot pilots instead and to
work with this assumption to transfer the results for the MRM. The distribution for the takeover time is given in Figure A 1.19. Since the MRM started in a time frame from 30 s to 35 s,
there has not been a take-over by the driver in approximately 14% of the simulations.

Figure A 1.19: Cumulative distribution of take-over times for the MRM.
The MRM is only executed for the treatment scenarios in which the ego-vehicle is equipped
with the ADF. To have a comparison to the baseline condition, for the baseline a traffic
simulation of the same duration as the treatment scenarios (t = 60 s) is conducted. In this
sense, the baseline results (see Table A 1.12) provide the risk of a collision during normal
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driving. Due to the additionally applied braking of MRM, it is expected that the collision risk in
the treatment will be higher.
Table A 1.12: Simulation results of scenario “N1 Minimal Risk Manoeuvre.”
N1 Minimal
Risk
Manoeuvre

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

6.3%

75.7%

24.5%

2.0%

Baseline AEB

5.1%

74.8%

22.7%

2.1%

Treatment 0

8.8%

74.5%

22.3%

2.9%

Treatment 5

8.0%

75.0%

24.0%

2.4%

Treatment 10

8.4%

74.3%

17.2%

3.7%

Treatment 30

9.1%

74.3%

18.8%

2.9%

The results show an anticipated increase in the crash rate. In the baseline conditions, crash
rates of 6.3% and 5.1% are detected. The range of the crash rate for the treatment condition
is 8% - 9.1%. At the same time the probability of having an accident with serious injuries is
increased from 17.2% - 18.8% to 22.7% to 24%. Since the probabilities for slight injuries and
fatal injuries do not differ much between baseline and treatment, this means the probability of
having an accident without any injuries is decreased for the treatment. Considering that due
to the MRM braking, it is likely that the speed difference at the collision is higher as in the
baseline, a higher probability of injury in the collision seems to be reasonable.
However, it must also be noted that a MRM requires at least two conditions before it is
started. First, the function must detect that is leaving the ODD or encountering a situation in
which it is no longer capable of performing the driving task. In these situations, a TOR is
issued. Only if the driver does not respond to this TOR in a time frame of several seconds
will the MRM be activated. Therefore, it is highly unlikely that these situations will be
encountered often by a mature ADF.
The second challenging scenario is the “Wrong Activation” scenario. The taken simulation
approach is similar to the “Minimal Risk Manoeuvre” scenario. Only in the treatment
simulation is the manoeuvre is executed. The baseline simulation is normal traffic simulation.
The main difference to the “Minimal Risk Manoeuvre” scenario is that in the treatment most
of the time the driver behaviour model is driving the ego-vehicle. Once the “wrong activation”
manoeuvre starts, all inputs of the driver model are set to zero, i.e., the ego-vehicle is rolling.
During this time there is also no lateral control, i.e., the ego-vehicle could drift out of its lane.
This condition continues until the driver model resumes control. The take-over time had to be
defined based on this assumption, since no wrong activation events were reported in the
pilots. The used distribution for the take-over time is shown in Figure A 1.20.
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Figure A 1.20: Assumption-based cumulative distribution of take-over times for the wrong
activation.
The results of the “N2 Wrong Activation” scenario in Table A 1.13 show no major differences
between the baseline and treatment for the crash rate. For the baseline conditions the crash
rate is between 6.2% and 7.1%. For the first three treatment conditions, it is between 5.8%
and 7.9%. The results for the fourth treatment condition, with a crash rate of 12.7%, deviate
significantly from the previous results. This deviation cannot be explained now and requires
further investigation. The current assumption is that the higher crash rate is caused by issues
in the simulation and is therefore not considered a realistic result. In terms of severity, slight
shifts can be observed. The probability of having an accident with slight or severe injuries
increases for the treatment conditions. This means that the chance of not being injured
during collision of these scenarios is reduced. With respect to the frequency of this scenario,
it must be considered that it seems to be rather unlikely to occur. During the pilot test of
L3Pilot, not one event has been reported.
Table A 1.13: Simulation results of scenario “N2 Wrong Activation.”
N2 Wrong
Activation

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

6.2%

64.7%

14.4%

2.5%

Baseline AEB

7.1%

66.3%

14.8%

1.9%

Treatment 0

5.8%

75.7%

18.7%

2.7%

Treatment 5

7.2%

76.3%

18.3%

2.2%

Treatment 10

7.9%

75.9%

17.0%

2.0%

Treatment 30

12.7%

76.4%

18.7%

2.1%

The third challenging scenario is the “End of lane” scenario. In this scenario, the ego-vehicle
is positioned on the left lane that is going to end a couple of hundred meters later. The end of
the lane is always positioned at the location 1500 m. The starting position of the ego-vehicle
is varied. The ego-vehicle must react to the situation and find a spot for a safe lane change
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before the lane end is reached. The simulation of the treatment scenarios has been a
challenge, since the mature L3Pilot needed to be updated with an extra module for this
scenario. In contrast to a real ADF, the mature L3Pilot ADF in the simulation has no digital
map data available. Therefore, an extra module had to be implemented to initiate a lane
change before the end of the lane or to slow the ADF vehicle down to avoid driving on the
closed section of the lane.
Table A 1.14: Simulation results of scenario “N3 End of lane”.
N3 End of
lane

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

22.4%

75.5%

22.0%

1.9%

Baseline AEB

16.0%

76.6%

21.8%

2.0%

Treatment 0

10.0%

75.8%

18.8%

2.2%

Treatment 5

12.8%

75.5%

19.2%

1.7%

Treatment 10

15.7%

76.0%

18.5%

1.7%

Treatment 30

16.8%

75.6%

19.0%

1.7%

The results (see Table A 1.14) show a reduction in the crash rate for the treatment condition
(10−16.8%) compared to the baseline condition (16−22.4%). In the first two treatment
conditions, the collision rate is in particular lower than in the baseline conditions. As in the
other scenarios, there is an increase in the crash rate with the increased ADF penetration
rate. Regarding the injury severity, not much difference is determined between the baseline
and treatment. Only for the probability of serious injury can a slight reduction be identified.
This means that the setting of collisions in terms of impact location and speed is not greatly
affected by the presents of the technology.
In the “obstacle in lane” scenario, the ego-vehicle has to avoid a collision with an obstacle in
the lane. The location of the obstacle – lane as well as the position in the lane – as well as
the size is varied in the simulations. The road position of the obstacle is varied between
1000 m and 1500 m. The start position of the ego-vehicle is defined by normal distribution
with the mean value of 500 m with a standard derivation of 100 m. This means that the start
position and reaching the obstacle could vary between 200 m and 1300 m. Due to the
surrounding traffic the ego-vehicle is, in most of the simulation, not the first vehicle that
encounters the object on the road (see example in Table A 1.15). A major challenge in the
implementation of the scenario has been the detection of the obstacle by the ADF. In the first
simulation runs this was not the case. Since the issue was caused by the simulation, a later
release of the openPASS simulation software has been used compared to the other
scenarios.
The evaluation of the simulation reveals a reduction in the crash rate for the treatment
condition (see Table A 1.15). For the baseline conditions, the crash rate is approx. 18%. For
the treatment conditions, the crash rate is between 8.9% and 9.5%. Besides the decrease in

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 46

the crash rate, the probability in all injury categories decreases in the treatment compared to
the baseline. Overall, a positive effect of the ADF is detected.
Table A 1.15: Simulation results of scenario “N4 Obstacle in the lane.”
N4 Obstacle
in the lane

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

18.6%

73.5%

16.5%

1.1%

Baseline AEB

18.0%

73.5%

16.5%

1.1%

Treatment 0

9.0%

64.4%

12.6%

0.8%

Treatment 5

9.4%

64.7%

13.9%

0.6%

Treatment 10

9.5%

65.7%

15.0%

0.7%

Treatment 30

8.9%

66.6%

15.6%

0.6%

In the fifth challenging scenario the ego-vehicle encounters a lower speed limit. The following
combination of speed limits has been tested (first number: speed limit prior to the changes,
second number: new lower speed limit): none à 130 km/h, none à 120 km/h, none à
100 km/h, 130 km/h à 100 km/h, 120 km/h à 100 km/h and 100 km/h à 80 km/h. The
mature ADF is programmed in a way that it reaches exactly the given speed limit once the
ego-vehicle reaches the new speed limit. Similar to a human driver, this is not the case in the
baseline condition, in which the driver model drives the ego-vehicle.
The results in Table A 1.16 show a strange result for the baseline condition. The scenario
with the AEB has a higher collision rate than the baseline condition without the AEB.
Table A 1.16: Simulation results of scenario “N5 Lower Speed Limit.”
N5 Lower
Speed Limit

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

6.7%

74.7%

17.6%

2.7%

Baseline AEB

11.1%

76.5%

19.8%

2.9%

Treatment 0

8.2%

75.1%

21.3%

3.0%

Treatment 5

7.9%

75.6%

22.5%

2.4%

Treatment 10

8.7%

77.0%

18.9%

1.5%

Treatment 30

9.4%

76.0%

21.6%

1.6%

This result does not appear reasonable. Therefore, the simulation for the baseline AEB had
to be repeated. The result of the repetition confirmed the results of the first simulation. It
remains unclear what issue caused this result. Compared to the baseline AEB, the treatment
simulations have resulted in a slightly lower crash rate of the ego-vehicle. The severities of
the detected collisions are similar between the baseline and treatment condition. The risk of

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 47

having a fatal injury seems to decrease with an increase in the penetration rate of the ADF.
This seems to be reasonable, since if more vehicles react to the lower speed limit in the
same way, the speed difference will be lower at the collision.
The last challenging scenario is the passing of highway entrance. The vehicle in the entrance
lane wants to enter the motorway and the ego-vehicle must react to these vehicles. Here, it
must be considered that no cooperative module has been implemented for the mature
L3Pilot ADF. The motorway entrance is located at road position 6000 m. The ego-vehicle
starts on average 500 m earlier. For this scenario, only two lanes plus the entrance lane
have been simulated.
The results that are given in Table A 1.17 show a positive effect of the ADF in this scenario.
This applies to the crash rate that is reduced by approx. 12% as well as for the severity of the
detected collisions. Here, for the categories serious and fatal a reduction of the probability is
measured. The positive results do not surprise, since the resulting conflict from a vehicle that
enters the motorway is most likely a rear-end conflict or a cut-in conflict. For this scenario,
the positive effect has been shown in the previous sub-chapter. Thus, the results of this
scenario confirm the findings of the scenarios P1 and P3s.
Table A 1.17: Simulation results of scenario “N6 Passing Highway Entrance.”
N6 Passing
Highway
Entrance

Crash
Rate
(ego) [-]

Prob. of
slight
injury [-]

Prob. of
serious
injury [-]

Prob. of
fatal
injury [-]

Baseline

24.1%

75.1%

24.1%

4.1%

Baseline AEB

22.3%

74.8%

21.7%

4.2%

Treatment 0

9.5%

75.7%

16.4%

1.6%

Treatment 5

8.1%

74.0%

18.5%

2.4%

Treatment 10

9.3%

74.7%

17.9%

2.2%

Treatment 30

7.4%

74.8%

17.8%

1.4%

In conclusion, the results show in general a lower crash rate for the treatment conditions (see
Figure A 1.21). The exception is the treatment condition 30, which shows a higher crash rate
than the other treatment conditions. One reason for this might be that the mature L3Pilot
ADF has not been designed and optimized to operate at a higher penetration rate. Therefore,
it is questionable what conclusions can be drawn from this treatment condition. Regarding
the scenarios, it needs to be noted that the VRU scenario shows nearly no difference
between treatment and baseline and that for the MRM scenario an increase of the crash rate
can be observed.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 48

50,0%

25,0%

45,0%

20,0%

40,0%

15,0%

35,0%

10,0%

30,0%

5,0%

25,0%

0,0%

Crash Rate VRU [-]

Crash Rate [-]

30,0%

20,0%
Baseline

Baseline AEB Treatment 0 Treatment 5 Treatment 10 Treatment 30
P4 Lane Change Conflict
N2 Wrong Activaiton
N4 Obstacle in the Lane
N6 Motorway Passing

N1 MRM
N3 End of Lane
N5 Lower Speed Limit
P5 VRU Conflict

Figure A 1.21: Crash rate (ego-vehicle) in driving scenario simulated by means of MonteCarlo approach.
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A direct comparison between the baseline and treatment is given for the baseline condition
AEB and the treatment condition 0, since in both conditions the penetration rates of the AEB
and ADF are the same. Therefore, the results are presented in Figure A 1.22.

Treatment 0

P4 Lane Change Conflict

N1 MRM

N2 Wrong Activaiton

N3 End of Lane

N4 Obstacle in the Lane

N5 Lower Speed Limit

N6 Motorway Passing

P5 VRU Conflict

Figure A 1.22: Crash rate (ego-vehicle) in driving scenario simulated by means of MonteCarlo approach – comparison between baseline AEB and treatment 0.
Here, an increase in the crash rate can be observed in the MRM scenario. The crash rate in
the VRU scenario increases as well. Considering the fluctuation in the VRU crash rate
between baseline, baseline AEB and treatment 0, this might be due to the stochastic in the
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simulation. The same – but in the other direction – can be observed for the ‘lower speed limit’
scenario and to a lesser extent for the ‘Wrong Activation’ scenario. The increase from the
baseline to the baseline AEB scenario cannot be adequately explained.
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The second relevant indicator for answering the research questions is the accident severity.
Therefore, the probability of having a slight, a severe or a fatal injury is presented for all 6
conditions per scenario in Figure A 1.23, Figure A 1.24 and Figure A 1.25.
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Figure A 1.23: Proportion of accidents with slight injuries.

Figure A 1.24: Proportion of accidents with serious injuries.
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Figure A 1.25: Proportion of accidents with fatal injuries.
Bigger changes for serious and fatal injuries can be observed for the obstacle in the lane
scenario and for the VRU conflict. For both scenarios a decrease in the probability of severe
or fatal injuries is detected. Considering for the VRU scenario that the crash rate does not
change, it can be concluded that even if the ADF does not prevent crashes in this scenario,
at least the injury severity can be reduced significantly.
A1.3.2.3 Simulated traffic scenario
In addition to the driving scenario simulations, traffic simulations were conducted by means
of the Monte-Carlo traffic simulation approach. The purpose of these simulations is to
determine the impact of the ADF on the frequency of each specific driving scenario. The
frequency is next to the crash rate and the severity of collisions is the third key input to
calculate the safety impact of the mature L3Pilot ADF. The simulation approach taken was
similar to the approach for the driving scenarios. This means that the simulation covered the
same baseline and treatment conditions (see Table A 1.9) and the same environmental
parameters (see Table A 1.8). But in contrast to the driving scenario simulation, the
simulation time per run was extended to 300 s and the simulation included no pre-defined
manoeuvres. Theoretically, even longer simulation times would be feasible. However, it must
be noted that vehicles in openPASS that encounter a collision do not disappear but come to
a standstill. This automatically leads to a traffic jam and therefore influences the outcome of
the simulation. To limit the impact of this phenomenon, the simulation time was reduced to
the above-mentioned duration.
Overall, 12,926 simulations were conducted (Baseline: 2,273, Baseline AEB: 2,273,
Treatment 0: 2,045, Treatment 5: 2,074, Treatment 10: 2,271, Treatment 30: 1,990). In these
simulations the manually driven vehicle travelled 10,187,219 km (ego-vehicle 24,474 km)
and the automated vehicles 596,821 km (ego-vehicle 38,474 km).
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For the analysis of the impact of the ADF on the frequency of driving scenarios, first the
comparison between the baseline AEB and treatment 0 was conducted. These two
conditions were selected since the fractions of the AEB in the surrounding traffic were equal
in both conditions. The results revealed a decrease in the frequency of the performed lane
changes (-68%, all results here for the ego-vehicle) and slight decrease in approaching a
lead vehicle manoeuvres (-14%); see Figure A 1.26. The frequency of encountered passive
cut-in manoeuvres in which another vehicle cuts in front of the ego-vehicle, increased by
14%. The analysis of the proportion of driving time with car following increased by 17%. Here
it must be considered that the scenarios were not weighed nor analysed from an entire traffic
flow viewpoint. Consequently, the proportion of driving time with no influencing vehicle (free
driving) was reduced by 17%.

Proportion Time Car Following

Figure A 1.26: Change of manoeuvre frequencies between baseline 2 and treatment 1.
After comparison of one baseline and one treatment condition, a closer look is taken for the
different scenarios. Therefore, the frequency and the proportion of driving time is analysed
for all manual driven vehicles and all automated driving vehicles per condition.
The first scenario that is analysed is the active lane change. The result (see Figure A 1.27)
shows that independent of the condition, the lane change frequency for the automated
vehicle is below the one for the manual vehicle. The lane change frequency of the manual
ego-vehicle shows a constant trend. For the automated vehicle first an increase from
treatment condition 0 to treatment 5 was detected. For the treatment 30 condition a decrease
of the frequency was detected.
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Figure A 1.27: Frequency of performed lane changes per baseline and treatment conditions.
The second scenario that is analysed in more detail is the passive cut-in. Again, the
frequency for the manual and automated driven vehicles is calculated (see Figure A 1.28).
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Figure A 1.28: Frequency of encountered passive cut-in manoeuvres per baseline and
treatment conditions.
For the manually driven ego-vehicle, a decrease in the frequency along the increasing
penetration rate of the ADF is detected. However, frequency in all conditions is below the
frequency of the automated driven ego-vehicle. For the automated vehicles the frequency of
passive lane changes was reduced, with an increasing penetration rate of ADF.
In the last step, the proportions of driving time in free driving and in car-following situations
are analysed (see Figure A 1.29 and Figure A 1.30). Since a vehicle cannot be in both
situations at the same time, it is expected that the trend of both indicators is contrary. This is
also what the analysis reveals. For the manually driven vehicle, a decrease along the
increasing penetration rate of automated vehicles is detected for the free driving time. For the
automated vehicle the proportion is slightly higher for the treatment conditions 5, 10 and 30.
However, in the first treatment condition, where only the ego-vehicle is assessed, the
proportion of free driving is much lower. Considering the magnitude of the lower proportion of
free driving time, this result indicates that the ego-vehicle might have encountered different
driving scenarios than the automated vehicle in the other treatment simulation.
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Figure A 1.29: Proportion of driving time with free driving per baseline and treatment
conditions.
For the time in car-following scenario, the proportion is the highest for the automated vehicle
in the treatment 0 conditions. Again, here only the ego-vehicle is analysed. In the other
treatment scenarios, the proportion of car following time of the automated vehicle was lower,
but still higher than the time for the manually driven vehicles. The manually driven vehicle
had a higher car-following proportion in the baseline conditions compared to the treatment
conditions.
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Figure A 1.30: Proportion of driving time with car following per baseline and treatment
conditions.
The result is surprising, since the ADF, which is the same in all automated vehicles, has
been set up to comply with the traffic rules all the time. Therefore, the ADF will not do any
speeding and keeps larger headway. The driver behaviour model that controls the manually
driven vehicles has been parameterized by means of real-world data. The real-world data
show that human drivers are exceeding the speed limit and also drive with closer distances.
This leads to the situation that the ADF- controlled vehicles will drive slower than the manual
vehicles. This fact is confirmed by the average speed in the simulation (manual vehicle in all
scenarios 90.98 km/h, automated vehicles 86.23 km/h). The expectation would be that
slower vehicles are less likely to get in car-following scenarios. This was not detected, so
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some other effect must play a role. With respect to the driven speed, the average speeds of
the manual and automated vehicles are given inTable A 1.18. There is a clear tendency that
the average speed decreases with an increase of the penetration rate of automated vehicles.
Table A 1.18: Average speed of manually driven vehicles (MV) and automated driven
vehicles (AV) in all traffic scenarios per condition.
Baseline

Baseline
AEB

Treatment
0

Treatment
5

Treatment
10

Treatment
30

MV

94.67 km/h

94.01 km/h

92.11 km/h

89.98 km/h

85.00 km/h

88.14 km/h

AV

-

-

90.35 km/h

87.39 km/h

82.78 km/h

87.62 km/h

A relevant question in the context of the traffic simulation is to what extent the simulation
reflects the results of the pilot. The comparison is not an easy task since for the pilot it is not
possible to comprehend under which traffic conditions the measurement has taken place.
Furthermore, usage of safety drivers in different pilots might have affected the results as well.
Despite these uncertainties regarding the pilot data, a comparison between the pilot and
simulation results is done for certain indicators (see Table A 1.19). The results for the pilot
data are given in deliverable D7.3. For the simulation, the event frequency for the egovehicle is assessed in baseline condition 2 and treatment condition 1. In a second step the
relative delta between both conditions is calculated.
Table A 1.19: Relative change of scenario frequency between baseline and treatment
conditions measured during the pilot (see deliverable D7.3) and the simulation.
Indicator

Pilot

Simulation

N(lane change)/h

-57%

-71%

N(Approaching)/h

-52%

-21%

N(Cut In)/h

-11%

+5%

%(Uninfluenced)

+11%

-17%

%(Following)

+10%

+17%

Although the number does not match completely, for frequency of the lane changes and
approaching events as well as for the time driving with car following, the same tendency can
be observed in the simulation and pilot data. Regarding the driving time in uninfluenced
condition and the frequency of passive cut-in manoeuvres, the tendencies are not the same.
However, for the cut-in a more detailed in analysis of the pilot data showed that there is
nearly no difference between baseline and treatment. Since the change in the simulation is
also small, the difference is not as high as it might appear at first glance.
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A1.3.3 Limitations
The simulation and analysis for the safety impact assessment on the motorway have been
carried out to the best knowledge of the involved persons. However, there are certain
aspects to be considered when referring to the results. In the following, these aspects and
the related limitations of simulation are described:
-

Mature L3Pilot ADF: The ODD of the mature L3Pilot ADF has been defined in
agreement with the L3Pilot demonstrator vehicle owners. However, for the simulation
the mature L3Pilot ADF needed to be defined in more detail with respect to the
sensor setup, the longitudinal and lateral driving strategy, AEB functionality, system
limits and the minimal risk manoeuvre. All these aspects have a direct impact on the
results. The safety impact assessment team has worked hard on the definitions of
these technical aspects. This process involved several assumptions that need to be
considered when referring to the simulation results. The resulting function
implementation is reported in chapter 2.1. The results have also been discussed with
the demonstrator vehicle owners in one meeting prior to the start of the simulation.
Finally, the pilot results have been used to justify different assumptions.
However, it must be recognized in particular with respect to the function’s driving
strategy that the mature L3Pilot ADF cannot be as mature as the real ADF, which is
based on years of development experience and a high number of test runs. The
L3Pilot ADF that is used in the simulation had to be defined over approximately half a
year from scratch, since technical implementation details of the real ADF in L3Pilot
could not be shared due confidentiality reasons. The mature L3Pilot ADF fulfills its
basic driving task, as the results of the traffic simulation show. Nevertheless, since
the mature L3Pilot ADF considers only a simple implementation of driving strategy, its
reaction in challenging scenarios is unlikely to be as good as real ADF. One example
is the lane change maneuver. Already simple checks for executing a lane change can
cover most of the encountered driving situations. However, even if 99.9% of the lane
change scenarios were already covered, it still means that in every thousand
scenarios an accident would occur. Scaled up by annual driving distance (15,000 km
per year) and a frequency of 1 lane change per 10 km, this would lead to 1.5
accidents per year, which would not be acceptable, since the human performance is
much better. This little example simply shows how good the functions need to be.
And it also becomes obvious that greater effort is required to achieve the required
ADF performance.
Another aspect in this context is that the function has not been optimized for
operation with several other ADFs. This aspect can be noticed in the results by the
increase in the accident rate for treatment conditions 3 and 4. It is expected that a
real ADF would perform better here.
In conclusion, the provided results are only valid for the simulated mature
L3Pilot ADF, which simplifies certain technical aspects of a real ADF.
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-

Timing of the assessment: The work in the safety impact assessment has been
affected by the Covid-19 related delay. According to the original plan, the results from
the pilot should have been available from September 2020 onward. The plan foresaw
that the technical assessment would do a pre-evaluation and provide the input to the
impact assessment. The pilot data have been intended to parameterize the simulation
as well as the scenarios in the safety impact assessment. Based on this data the
impact assessment should be conducted. However, since the pilot period has been
extended due to the Covid-19 outbreak in 2020, the data were not available before
December 2020. This meant that the data evaluation had to take place in December
2020 and the simulation for the safety impact assessment could not start prior to
January 2021. Because the results of the safety impact assessment would have to be
available for the social-economic safety impact by the end of April 2021, the
timeframe for the conduction of the simulation has been very limited. Obviously,
preparation for the simulation had been done prior to January to the extent feasible.
However, there are aspects that could only be tested once everything was available.
The main consequences for the safety impact assessment have been:
1) There were only limited possibilities to react to issues in simulation. Any reaction
resulted in application of higher simulation resources compared to the planning.
2) For parameterization of the simulation and the scenario, the pilot data could be
used less than planned. Instead assumptions based on other data sources had to be
made.
In conclusion, the authors expect that that a longer time for the evaluation of
the pilot data before the simulation for the safety impact assessment would
have been beneficial for the quality of the simulation.

-

Penetration Rate of ADF: The high penetration rates of the ADF caused some
issues in the Monte-Carlo based traffic simulations. The issues were mainly technical
ones. Since the ADF had been implemented in MATLAB Simulink, the ADF has been
linked to the openPASS simulation via the FMI interface. This interface has been
slower in the simulation than a direct implementation in C++ (openPASS is based on
C++). This issue was known prior to the simulation. In the tests prior to safety impact
assessment, which was done with lower penetration, the additional delays had
seemed to be acceptable. However, during the simulations, it became clear how
much time the simulation required (e.g., traffic simulation with 30% penetration of
ADF required more than 3 weeks of computation time). The high amount of time
resulted from the fact that the ADF is calculated for each automated vehicle
individually and the calculations are conducted in a sequential manner.
In addition to the simulation time, another issue for the scenarios with the high
penetration rate was that it requires a high amount of internal memory storage. In
some cases, the amount was so high that the simulation crashed and could not be
finished. The higher the penetration rate and traffic volume, the higher the risk of
simulation error was. This fact is also visible in Table A 1.9. For treatment condition 4
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always the lowest number of successful simulation cases is reported.
To tackle these issues, the number of simulation cases for the scenario with a high
traffic volume has been reduced. Furthermore, the simulation of treatment condition
with 100% penetration rate) had to be skipped. The reduction of the number of
simulations to cope with the simulation efforts because of the high penetration rate
does, of course, reduce the usefulness of the results for high traffic volumes at high
ADF penetration rates. For other tools, the issue might not be as prominent as for the
chosen approach in this safety impact assessment.
Since the counterfactual simulation does not run traffic simulations with different
penetration rates of systems, no statement is given with respect to potential nonlinear effects related to ADF’s penetration rates. That is, with our data, it is possible to
assess the effect of penetration rate, if the penetration rate is assumed to be linearly
correlated with the estimated benefit (as assessments are only assessed on a caseby-case basis).
-

Number of individual simulated cases: The number of simulation cases is always a
relevant aspect. For the re-simulation approach, the number of simulation cases is
defined by the identified relevant real-world cases. For the Monte-Carlo based
approach, the number of simulation cases can be chosen arbitrarily. However, two
aspects must be considered here. The first aspect is that the number of cases should,
in the sense of the law of large numbers, be high. The lower the number of the
simulated cases is, the more the results are affected by the applied stochastics. On
the other hand, the simulations – although they might be faster than real time –
require effort in terms of time and computation resources. Therefore, the number
must be kept at a reasonable amount. Thus, in the end a trade-off between those two
aspects needed to be found.
Considering the number of scenarios that have been simulated (6 driving scenarios)
and the number of combinations of the environmental conditions (up to 64
combinations), the number of simulation runs has been limited in most of the
scenarios to 100 cases (50 cases for the traffic volume of 1500 vehicles per lane and
hour). Overall, this still results in a very high number of simulation cases (>150,000
simulated cases). And this number does not include the amount of test runs and reruns of certain simulations, which are obviously also needed and could not be
avoided. But looking at each condition individually, 100 cases is not much. A higher
number of simulated cases would be desirable. The simulation in L3Pilot
(including test runs and re-simulation of certain conditions) took approximately 2
months, although 3 computers with 5 simulation instances were used.
Although it was not feasible in L3Pilot to do more simulations, for the future there are
different options to tackle this issue. First, the number of combinations could be
reduced to cover more runs per condition by keeping the overall simulation effort at a
similar level. The drawback is obviously that the results would cover fewer
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environmental conditions. In case the first option is not wanted, the usage of faster
computers and parallel computing is advised.
-

Input data: The input data from the pilot have been provided through the L3Pilot
consolidated database. The database included pre-defined indicators per
recorded driving situation. Thus, there have been no time series data available
for the safety impact assessment. Both aspects limit the possibility to parameterize
and validate the simulation in the safety impact assessment.
The first limitation is that the variables needed to be defined before the simulations
were set up. This required a lot of pre-thinking about what the simulation might need.
A later change of the indicators to react to properly missing input was not foreseen.
Thus, missing indicators in the traffic simulation approach had to be overcome by
means of assumptions. The missing time series data, on the other hand, also limited
the validation of the implementation of mature L3Pilot ADF to comparison of certain
key performance indicators, for instance, the maximum declaration. It does not allow
checking, by means of this indicator, whether the flow of decelerations is correctly
modeled over time.
For the counterfactual simulation, time series data are essential for the simulation.
Since no accident data have been recorded in L3Pilot, other reconstructed crash data
need to be used. In general, crash reconstruction is an art with many
assumptions. The L3Pilot safety impact assessment team has tried to include
some of the uncertainties in, for example, reconstructions, by varying some
variables, creating sets of synthetic events.

-

Usage of near-crashes: The counterfactual simulation bases in general mainly focus
on crash or crash-related data. Therefore, except for the simulations including
near-crashes, the problem of the ADF potentially causing crashes that humans
would have avoided cannot be addressed.

-

Driver Model: Modelling driver behaviour is one of the most challenging tasks
for the simulation.
In the counterfactual simulation, no driver response models or everyday driving
models were included in the counterfactual simulations, making it impossible to run
simulations to create baseline events. The L3Pilot team consequently had to consider
only the outcomes of the reconstructed crashes as our baseline. In turn this meant
that the team could not modify the absolute speeds of the baseline events as a
comparison to the treatment.
For the Monte-Carlo based traffic simulation, the SCM driver model is the key
component, since it defines behaviour of the ego-vehicle in the baseline simulations
and the behaviour of the other traffic participants in the treatment and baseline
simulation. This applies to the simulation of driving scenarios as well as traffic
scenarios. The SCM driver model covers the response model and the everyday
driving model in one model. The SCM driver behaviour model has been developed
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continuously over the past several years by BMW. Regular validation and verification
are carried out for the model. However, since the behaviour of human driver is
complex, heavily varies and is still not fully understood, the model can only
approximate this behaviour. This means that the behaviour of the SCM model will
only represent the behaviour of real drivers to a certain extent. Further, since most of
the base data came from Germany, the simulated agent will reflect German
behaviour.
-

Validation & Verification: The timing of the project and the study design of the
pilot did not allow for extensive validation and verification of the simulation
results. Only simple cross-checks with the pilot data have been feasible. For the
function, it could be confirmed that the implementation of the mature L3Pilot is, with
respect to the maximum driven speed, the distance behaviour, the applied
accelerations and the duration of lane change, in line with the tested ADF.
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A1.4 Annex: Safety Impact Assessment of Urban ADF
A1.4.1 Method
Assessing the potential impact of automated driving in urban areas poses the challenge of
dealing with a great complexity and variability of potential situations. Factors primarily
contributing to this complexity compared to the motorway are the presence of level nodal
points and interactions with vulnerable road users. These factors need to be addressed
through the selection of scenarios for simulation and scaling up. However, due to the large
complexity of urban scenarios, certain simplifications need to be applied to make the efforts
for simulating manageable.
The simulation approach for the urban safety impact assessment considers the virtual
simulation of potentially crash-relevant scenarios within which the crash avoidance potential
of the ADF is compared to the selected baseline. The methodology and tools applied for the
urban simulation build up on the results from Roesener et al. (2019), where a prospective
safety impact assessment was carried out for Germany. Several extensions of the toolchain
have been implemented in order to cover the more detailed driving scenarios catalogue.
The urban mature function follows a similar assumption as for the motorway function. The
avoidance action within a simulated scenario is always braking. As for the motorway mature
ADF, an ACC controller is implemented. The set speed for the ACC behaviour is 50 km/h.
Due to the short nature of the scenario, the ADF does not spend a long time within a
following or free driving state but switches to the collision manoeuvre as soon as the
potential collision becomes imminent. Due to this, no detailed parametrization of the following
parameters for the ACC system was carried out. The sensor setup of the mature function (as
for the AEB in simulation) was realized using perfect sensor models in Virtual Test Drive
(VTD), which provided a fused list of objects detected by one or multiple sensors of the egovehicle. The sensor setup used for the mature urban function, as shown in Figure A 1.31, is
similar to the setup for motorway functions with the addition of a sensor at each front corner
of the ADF, which allows for early detection of objects in conflict scenarios at intersections.
The implemented AEB system, including the effects of active safety in the baseline, used
only the two-front facing sensor compared to the mature ADF. The logic for the function is
the same as for motorway systems. For a crossing pedestrian, the AEB reacts to the
pedestrian once it enters the road. For crossing paths with other vehicles, the lateral distance
thresholds were adapted, such that the AEB will pass all test cases specified by Euro NCAP
(2021) for a left turn with an oncoming target vehicle (CCFtap).
A list of scenarios considered for the urban simulations has been presented in D3.4
(Innamaa et al., 2020). Over the course of the realization of all scenarios, some have proven
to be either difficult to implement or to parameterize with the tools available. The resulting
scenario catalogue is comprised of the following scenarios:
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Figure A 1.31: Sensor setup of mature urban function and visualization of scenario
simulation.
Each driving scenario listed above was transformed into a parameterisable VTD scenario by
post-processing the scenario files, replacing relevant values by sampled values. The object
vehicle is always controlled by actions within the scenario description. Within longitudinal
scenarios, it follows the lane, executes a lane change or performs a decelerating maneuver.
In scenarios at intersections, the object vehicle follows a predefined path, adjusting its speed
based on the sampled value until the collision. Each scenario was set up such that if no
collision avoidance action were executed, the scenario would result in a crash.
Rösener et al. (2019) applied a resimulation of scenarios directly utilizing single parameters
from GIDAS accident; in order to increase the number of cases for simulations, variations of
the input parameters by applying normal distributions to these parameters were applied. This
approach was then extended within Rösener (2020), which forms the approach also applied
for the scenario assessment within L3Pilot. This sampling approach advances from applying
single parametric distributions.
In order to derive parameters for the cases used in simulations, a sampling method utilizing
copulas is applied. Copulas allows coupling one-dimensional probability density functions in
multivariate distribution functions. Utilizing the approach from Rösener (2020), copulas are
constructed by multidimensional Gaussian distributions and linear correlation parameters. As
a consequence, a set of artificial parameters for the simulated cases can be constructed
containing similar properties, such as the accident dataset used as input.
For the majority of scenarios, the sampled parameters comprise the following parameters.
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Table A 1.20: Overview of sample parameters by scenario generator.
Name

Participant

Description

Ego

S0

Distance to object at start of scenario

V0

Velocity at start of scenario

V0

Velocity at start of scenario

VK

Velocity in collision

DECEL

Mean deceleration before collision

Object

Figure A 1.32 shows an example of the sampling for the scenario crossing with vehicle from
right.

Figure A 1.32: Example for applied sampling approach for scenario crossing with vehicle
from right (black: input parameters from in-depth accident data, blue: sampled parameters
used for simulations).
The sampling toolchain developed did not consider different speeds for pedestrians, which
was a limitation to the then-used version of the simulation toolchain. Upgrading the
simulation tool allowed varying the speed of VRUs in simulation. To enable this, a
complementary data source was combined with the existing sampling approach: the inD
dataset contains trajectories of pedestrians at intersections which were recorded using a
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drone (Krajewski, 2019). Evaluating the longitudinal velocity of the VRU for different
manoeuvres at the intersection allows deriving scenario-dependent distribution for the mean
speed of VRUs within the different scenarios. The distributions of the VRU were sampled
independently from the other parameters making up the initial constellation of a simulated
case.
For pedestrians, the speed while crossing the road was evaluated. In order to match the
trajectories to the nature of the pedestrian scenarios, only tracks which cross just one arm
and do not cross diagonally were considered. The derived distributions are pictured in Figure
A 1.33.
For scenarios involving cyclists, scenarios with the same path as vehicles while applying
different speeds (without deceleration) for the cyclists were considered. As the inD dataset
makes no distinction between bicycles and motorized bikes, trajectories with unreasonable
speeds for a bicycle outside the intersection were disregarded. For scenarios with the cyclist
turning, speeds above 28 km/h were discarded; for passing scenarios tracks the maximum
speed is 32 km/h. The resulting distribution of speed during these turning maneuvers in
relation to the speeds of the tracks disregarded is shown in Figure A 1.34.

Figure A 1.33: Velocities while crossing the road in inD-Dataset.
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Figure A 1.34: Velocities of cyclists during intersection maneuvers for reasonable overall
speed.
The scenarios for simulation were generated using a VTD proprietary scenarios format, which
is close to the now-standardized OpenSCENARIO (ASAM 2021) format, as it served as the
basis for this. After the sampling of the characteristic parameters of the individual cases, all
parameters required for the execution of the scenario have been derived.
The simulation toolchain used for the driving scenario simulation is established around the
environment simulation Virtual Test Drive (VTD), which allows the simulation of detailed
driving scenarios within a structured environment by defining actions for object vehicles
around the ego vehicle. Models used for the scenario simulation have been implemented as
C++ modules in the runtime environment ADTF, which allows for an easy connection to VTD
as well as logging capabilities. The models chosen for the simulations follow the assumptions
made in Roesener et al. (2019). The collision avoidance action of the driver performance
model in the simulated driving scenarios is always braking. Parameters for the reaction time
of the driver performance model have been derived from Schittenhelm (2005) (Table A 1.21)
while the intensity of the reaction in the crash-relevant situation is realized by the model in
Fahrenkrog (2016).
Table A 1.21: Reaction times used for baseline driver model based on Roesener et al. (2019)
and Schittenhelm (2005).
Scenario

Braking reaction time

Approaching static object
0.95 s
Approaching laterally moving object
Approaching lead vehicle
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Scenario

Braking reaction time

Approaching traffic jam
Cut-In (passive)
Turning
0.4 s
Crossing

Especially relevant for the simulation are the initial positions such that not reacting to the
object vehicle would result in a collision. For scenarios involving vehicles a deceleration
manoeuvre was considered, which is triggered within a distance of the collision point if the
ego-vehicle were not to react, whereas for scenarios where the ego-vehicle only goes
straight a speed controller and lane-following controller could be used, and the turning
velocities had to be animated differently by using a driver model within VTD. This allowed
different turning behaviours for the baseline and ADF. For the baseline behaviour the default
driver model in VTD was used, whereas for the ADF the driver model “insecure driver” was
used, which applies slightly slower speeds. The usage of the driver model allows controlling
the speed on a path within the simulation. As soon as the crash-relevant situation in the
scenarios is perceived by either driver performance mode, AEB or AEB, the longitudinal
control is overwritten by the same driver performance model as for the other driving
scenarios. The differences in the model parameterization cause differences at the speed at
the point of the collision between the treatment and the baseline driver model which range
between 2.5 km/h for slow initial speeds and 0.5 km/h for high initial speeds.
The change in the frequency for urban ADF was considered using state-of-the-art agentbased traffic simulation, which has also been used for the Efficiency and Environmental
Impact Assessment. However, for the created networks, it was not possible to yield plausible
results regarding the frequency of the different defined driving scenarios. This is due to the
fact that the agent models in traffic simulations typically do not produce realistic driver
behaviour in safety-relevant situations. Only approaches as applied for the motorway using
the Stochastic Cognitive Model (SCM) or the approach applied to motorway ADF in
Roesener et al. (2019) are suited to produce a plausible estimate of the change in frequency
of relevant driving scenarios by integrating crash causation mechanisms in the agent models.
Such driver models are still to be developed for urban scenarios, for which the availability of
suitable data sources is a necessary precondition.
Roesener et al. (2019) considers four possible types of interaction:
1. Scenarios induced by manually driven vehicles involving another manually driven
vehicle
2. Scenarios induced by manually driven vehicles involving an automated vehicle
3. Scenarios induced by an automated vehicle involving a manually driven vehicle
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4. Scenarios induced by an automated vehicle involving another automated vehicle
Since no frequency of scenarios can be derived from traffic simulation, for urban scaling up
the frequency of situations is based on the assumption that the safety-relevant scenarios are
not induced by automated vehicles, such that interaction types 3 and 4 can be disregarded
for determining the overall impact of the introduction of ADF in urban areas.
A1.4.2 Results
In the following, the raw results for each driving scenario are displayed. The graphs show the
outcomes for all simulated scenarios, even including the ones for which the driver model did
not crash. In general, a driving scenario in which the driver model does not crash can be due
to two reasons or their combinations:
•

The driver model has a sufficiently good reaction time and intensity for the geometric
properties of the scenario.

If the driver model can perceive the driver model quite early in the scenario, it can execute a
reaction early and avoid a collision. Adding factors such as glance behaviour in the driver
model, as is done for the SCM, may introduce simulation runs in which the driver model does
not avoid a collision.
•

The scenario parameters derived from the input data represent sufficiently critical cases.

This issue can be addressed by increasing the number of simulation runs. As many
parameters in a scenario are not constrained, a larger number of simulation runs would
eventually result in the addition of critical enough cases. However, it needs to be considered
that the input data (in-depth accident data) may not include sufficient information about the
edges of the considered distributions. Critical cases then rather represent an extrapolation of
the distribution fitted to the data.
Figure A 1.35 shows the crash rates for all simulated scenarios involving conflicts with another
vehicle. Three of the simulated driving scenarios did not result in collisions for the driver model:
CVR0, CVR2 and CVL2. The scenarios in which this is present all consider the ego-vehicle
passing through an intersection with vehicles either coming from the left or right. For the
crossing scenario with collisions, the number of collisions is considerably large (CVL0 = 22,
CO = 27 and CVR1=28) given the same number of simulation runs. Examining the
constellations shows that that for scenarios with a vehicle coming from the right the vehicle is
longitudinally closer to the ego-vehicle. The only scenario with a vehicle from the right in which
no collisions take place involves the object vehicle turning, thus moving in the reaction of travel
of the ego-vehicle, making the situation less critical. In the same way, the only scenario
resulting in collision with the vehicle from the left side is CVL0, in which the object vehicle is a
bit farther away from the ego-vehicle when entering the intersection; as the object is making
no turn, the longitudinal speed from the point of view of the ego-vehicle is higher compared to
CVL1, in which the object is making a left turn, thus moving partly in the direction of the egovehicle. In general, the ADF outperforms the crash avoidance of the AEB system, especially
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in scenarios in which the object is not already in the path of the ego-vehicle. In scenarios where
the object is already in the path of the ego-vehicle as well as cut-ins, the ADF has no
advantage. Furthermore, it needs to be noted that such scenarios resulting typically in rearend collisions do only result in accidents with a low injury risk.

Figure A 1.35: Crash rates and distribution of injury risk levels for the different driving scenarios
involving another vehicle.
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For scenarios involving pedestrians (Figure A 1.36), either at or outside junctions, all driving
scenarios yielded cases in which the driver model could not avoid a collision. The greatest
reduction in collisions by both AEB and ADF is achieved in pedestrian crossing scenarios
outside junctions, which is likely due to the fact that pedestrians can be perceived earlier and
easily predicted once they move laterally toward the road. In scenarios with a pedestrian
from left, the phase of the lateral movement is longer. This has an effect on the differences
between ADF and AEB. Whereas the AEB reacts based on a lateral distance threshold
representing the lane width, the ADF was implemented to perceive a lateral movement
resulting in a PET close or equal to zero and react to the situation. This factor is also relevant
for the differences between AEB and ADF in conflicts with pedestrians at junctions.

Figure A 1.36: Crash rates and distribution of injury risk levels for the different driving scenarios
involving pedestrians.
To evaluate the impact on interactions with cyclists, only interactions at intersections were
simulated. For scenarios in longitudinal traffic, it is more difficult to model the relevant
parameters as, for instance, the position of the cyclist in the lane and his lane-keeping
behavior are of great relevance. Such effects need to be investigated in more detail before
they can be simulated in an approach evaluating synthetic cases to derive the crash rates.
The scenarios involving cyclists (Figure A 1.37) in which the driver model does not crash are
CVL0B, CVL1B and CVR2B. In principle similar considerations as for scenarios with vehicles
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at intersections are relevant. However, it must be considered that cyclists have a slower
speed compared to cars. This may have as an effect that the relative longitudinal movement
compared to the ego-vehicle has a smaller influence on the outcome of the scenario than the
relative location to the ego-vehicle when it enters the intersection and is able to perceive the
cyclist.

Figure A 1.37: Crash rates and distribution of injury risk levels for the different driving scenarios
involving a cyclist.
Furthermore, it is noteworthy that for the scenarios involving cyclists, some driving scenarios
exist in which the AEB (for CVR0B and CVR1B) and ADF (for CVR0B) had no influence on
the crash avoidance. However, it can be seen that the injury risk for the resulting crashes can
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be reduced, which is likely due to the fact that the reaction of ADF and AEB provide a greater
reduction in speed before the collision.
For the scaling up of scenarios in which the driver model did not crash, the effect of a driving
scenario with a similar constellation was used. For crossing scenarios with vehicles, CVL0
was used as a surrogate and for scenarios with cyclists, CRV0_B was used. (For the detailed
mapping see Annex 1.6.1.)
A1.4.3 Limitations
The mature urban ADF is set up to avoid the scenarios simulated by braking only, in order
to reduce the complexity of the reactions in the scenario. Ideally, lateral evasive manoeuvres
should be considered which would require that the overall situation would allow for such an
avoidance manoeuvre. For the motorway, longitudinal and lateral control could be broken
down into ACC behaviour, which is possible to create with a rather simple controller, and a
lane change model. Combined lateral and longitudinal manoeuvres as they would be
required for the urban traffic would require a form of planner which requires large efforts for
implementation and parameterization. Furthermore, many assumptions would need to be
made regarding which collision avoidance action should be chosen in certain situations.
Moreover, due to the piloting setup, situations in which an evasive manoeuvre is executed
could not be evaluated.
A further challenge for the comparison between ADF and baseline is using an appropriate
driver model. The driver model needs to represent the complexity that is considered for the
simulated driving scenarios. Currently no driver model exists that explicitly covers all
considered scenarios. To cover all scenarios considered, the approach from Rösener et al.
(2019) to consider braking reaction times from a single driving simulator study and to transfer
the reaction times to scenarios that are similar in terms of their kinematic consideration is
used. Though this approach simplifies driver responses in the different scenarios, no errors
which may arise from different approaches for measuring reaction times will be included, if
multiple studies were considered to synthesize the driver reactions. Considering more
possible driver responses, like evasive steering, could possibly increase the benefit of an
urban ADF compared to a driver model, as humans in crossing conflicts often perform a
same-direction-swerve, which is often not the most suitable avoidance action for crossing
conflicts. Such an effect is probably not present in an urban ADF, which would result in an
even larger number of avoided crashes compared to the baseline.
In general, conflicts in urban interactions are difficult to model, as many influencing
parameters can be modelled. The approach applied in L3Pilot primarily varies the kinematic
parameters of the driving scenario. Apart from that, many more factors could potentially be
considered. A challenge, for instance, could be modelling information about a pedestrian’s
intent to cross the road. This could, for instance, be modelled by head pose, which would
allow the ADF or human driver to predict the movement of the pedestrian if the model were
to perceive this.
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A further influencing factor that could be considered to a greater extent may be different
layouts of the networks considered. Currently a simple intersection is used to study the
impacts within the different scenarios. Alternative layouts could be introduced, but require
manual adaptation of all scenarios to the relevant road networks. This could be overcome if a
logical description of road networks can be introduced, which allows an automated
adaptation of the scenario to the given road network. A further problem for considering
influencing factors of the road network is that no data source is available that could be used
to properly parameterize the road network to be used as input data for the simulation. As in
motorways, a short analysis has been carried out on whether clustering could also be applied
to urban road networks using OpenStreetMap. However, no manageable number of clusters
could be identified. This is also in line with the findings of Sander et al. (2018) who applied
clustering to accident data and found that scenarios at urban intersections can be considered
very diverse. This may underline the need for Monte-Carlo approaches for urban scenarios.
A further factor that might be considered is the duration of the driving scenarios
considered. By giving the ego-vehicle more time at the beginning of the scenario, tactical
behaviour such as lane or speed choice within a driving scenario can be left to a greater
extent to the automated vehicle or the driver model within the simulation. A drawback of a
longer initialization phase would be that the outcome of the simulation is based to a larger
extent on the models used in the simulation. Furthermore, the earlier the scenario begins, the
more difficult it is to derive the scenario on the basis of reconstructed accidents.
Integrating L3Pilot data into the impact assessment of urban ADF is difficult for similar
reasons as for the motorway. Data availability for urban Pilot sites was similar as for the
motorway ADF but preparing the successful computation of all parameters turned out to
require much more time. Whereas for motorway ADF much knowledge was present among
pilot data processing partners on how to process the vehicle data, the processing of data
from automated vehicles operating in urban areas presented a new and complex challenge.
Thus, much more time for adapting the scripts and hardly any development work could be
done on the urban specific measures and scenarios before the arrival of the first batches of
piloting data in late 2020. The tools for motorway evaluation were used as a starting point but
needed to be adapted and multiple new features needed to be implemented, such that
technical and traffic evaluation results were not available within the time frame when the
urban impact assessment was executed. Moreover, the fact that systems were not as mature
as series production vehicles also has a great influence on the parameters. Certain decisions
for the behaviour of the vehicle may be due to legal restrictions for the piloting vehicles and
in general the systems behaviour could be considered to be more careful than a marketready system. For this reason, an assessment based on assumptions about a mature
function compared to directly integrating observations from the piloting is considered to
produce the more plausible results.
For the validation and verification of the urban simulations, the crash avoidance reaction
would be of greatest relevance. This could not be observed in the Pilot, such that
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assumptions for the reaction in safety-critical situations needed to be made based on
requirements for state-of-the-art AEB systems. Analysis of normal driving behaviour in the
pilot data has shown that the ADF follows the speed limit, which was an assumption
integrated in the simulation approach. Furthermore, turning manoeuvres were executed
slower compared to humans, but given the differences in the turning scenarios executed in
the different Pilot environments and the late timing of the analysis, no parameters could be
derived. The slower turning speeds were implemented based on assumptions using
differently parameterised driver models provided by the used simulation tool which could not
validated.
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A1.5 Annex: Safety Impact Assessment of Parking ADF
A1.5.1 Method
The method for the safety impact assessment of parking ADF was defined based on an
international literature review. The review revealed that a former European project, AdaptIVe,
aimed to assess parking characteristics of vehicles (i.e., parking space needed for one
vehicle) rather than their safety potential (Fahrenkrog et al., 2017); hence, that methodology
cannot be transposed and applied to the L3Pilot safety impact assessment.
The German Insurance Association (GDV) and Allianz Center for Technology (AZT) have
conducted several retrospective and prospective effectiveness analyses of driver assistance
systems and ADFs based on insurance claims databases (GDV report, 2017; Gwehenberger
and Borrack, 2015; Borrack et al., 2017; Ostermaier, 2018; Ostermaier et al., 2019).
Furthermore, Swiss Re estimated the impact that the growth of car connectivity and ADAS
take-up rate could have on the market and distribution of motor insurance (Swiss Re and
HERE, 2015). In the following, we assume that the methodology outlined in such works could
be suitable for evaluating the safety potential of parking ADF and for answering the current
research questions.
For a holistic assessment of the impact of parking ADF on the occurrence of damage, the
following four key elements were taken into account:
•

Target accidents: The theoretical maximum percentage of claims that can be
addressed by the mature parking ADF.

•

Effect: The proportion of target accidents that can be prevented under real road traffic
conditions (e.g., technical failures reduce the efficiency of a certain system).

•

Usage: The extent to which the parking ADF is used by drivers (switched on/off by
drivers).

•

Market penetration: The percentage of cars on the road equipped with parking ADF.

The estimation of target accidents for parking ADF was conducted by means of an ex-ante
analysis to identify the theoretical maximum percentage of insurance claims of vehicles
without ADF (baseline) that could be addressed (and theoretically be prevented) by the
mature parking ADF “Parking Chauffeur”. For this purpose, as parking accidents are not well
represented in the CARE database, insurance claims databases of Allianz Germany were
filtered according to the generic description of the mature parking ADF as defined in
deliverable D3.3 (Metz et al., 2019). The mature automated parking ADF has two
functionalities: home zone parking and public parking. Home zone parking is intended for use
on private parking grounds, while public parking covers parallel and perpendicular parking in
public parking spaces such as street-side parking and parking lots. Both functionalities can
deal with static objects and other slow-moving traffic participants. The assignment of the
accidents to the respective functionality (home zone parking and public parking) of the
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mature ADF was carried out by means of a case-by-case analysis using accident
descriptions. This step included determining the share of parking manoeuvres that took place
within the ODD of the mature parking ADF. The main restriction limiting the number of target
accidents was due to the operating domain of the mature ADF. For instance, a limitation of
the parking ADF to home zone parking will limit the availability of the ADF to a rather small
subsample of parking manoeuvres and, therefore, it could effectively impact only a subset of
all parking accidents. Insurance claims offer a comprehensive basis for the evaluation
regarding parking accidents, since parking and manoeuvring accidents (excluding those
involving personal injuries) are in most cases reported only to the insurance company, not to
the police. More details on the databases can be found in annex 1.2.4.
The next step of the methodology accounts for the impact of the parameter effect on the
number of target accidents. The effect explicates the share of target accidents that can be
prevented under real road traffic conditions and therefore takes into account limitations (e.g.,
sensor capability, technical failures) that reduce the efficiency of the parking ADF. Because
of the consideration of a mature ADF for the impact assessment it was difficult to integrate
L3Pilot data into the assessment. Therefore, assumptions have been made for the factor
effect. Several studies on real-world effectiveness of current automatic crash avoidance
technologies for parking (see, e.g., Cicchino, 2019) show a reduction of addressable
accidents through the respective technologies of up to 78%. An unpublished research of the
AZT regarding the effectiveness of a rear autobrake system found similar results. Expecting
a higher efficiency for the mature parking ADF compared to today’s systems, two scenarios
for the parameter effect were defined for the calculation: 75% and 100%. These scenarios
are considered to produce plausible results.
Usage represents the extent to which the parking ADF is activated by drivers and market
penetration describes the share of vehicles on the road that is equipped with the parking
ADF. The experimental procedure of the parking ADF tests in L3Pilot does not allow
estimation of the true degree of usage. Therefore, usage and market penetration were
combined into scenarios for penetration rate in use (5%, 10%, 30% and 100%). These
scenarios were defined as part of deliverable D3.3 (Metz et al., 2019).
Figure A 1.38 shows the scheme of the method utilised to evaluate the number of avoidable
accidents through mature parking ADF.
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Figure A 1.38: Method to evaluate the expected safety effects of parking ADF (schematic).
The three ratios target accidents, effect and penetration rate in use were multiplied for the
respective functionality of the mature Parking ADF and the results yield the potential for
reducing insurance collision claims in the respective scenarios for effect and penetration rate
in use. Since the insurance databases contain claims of different insurance coverages (motor
own damage (MoD) and motor third party liability (MTPL) insurance, the respective individual
results were finally weighted and summarized according to the respective share within
insurance claims. Therefore, the following annual distribution of claims was taken into account.
For Germany, MTPL claims involving bodily injury represent approximately 9% of the total
annual number of MTPL claims (see Insurance Europe, 2019). Based on internal Allianz
Germany data, MTPL claims represent approximately 65% and MoD collision claims represent
35% of the total number of motor collision claims.
Table A 1.22 illustrates the procedure exemplarily by using fictitious values. The step-by-step
reduction of the accident avoidance potential can also be clearly seen from the sample
calculation. While 20% of all losses considered are theoretically within the operating area of a
parking ADF, the share of avoidable claims is reduced to 4.5% if the dummy values for effect
and penetration rate in use are taken into account.
Table A 1.22: Procedure for determining the safety benefit of parking ADF (Values are only
examples).
Target
accidents
20%

Effect

x

75%

Penetration
rate in use
x

30%

Expected
benefit
x

4.5%

A1.5.2 Results
In contrast to the motorway and urban ADF the safety impact assessment of parking ADF
was not feasible to perform through simulations. In the following the detailed results of the
analyses are reported.
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In the first step the number of target accidents within each individual database was
determined by means of a case-by-case analysis and using the individual accident
descriptions. Table A 1.23 gives an overview of the results of this first step for each analysed
database, respectively, by insurance coverage. To provide more detailed information on the
relevance of each functionality of the Parking ADF, the proportion of target accidents is
shown for home zone parking and for public parking as well. Due to the different natures of
the considered insurance coverages (see Annex 1.2.4), the share of target accidents differs
for home zone parking and for public parking. Because of the prerequisites of the home zone
parking (private grounds, trajectory learning needed) target accidents for this functionality
lead in most cases (up to 10%) only to a 1st party damage and therefore the respective
addressable accidents were predominantly found in 1st party claims databases. In contrast a
very high proportion of 3rd party claims (up to 31%) could be determined as addressable by
the public parking functionality. Table A 1.23 shows additionally that only a very small share
of accidents with injuries (MTPL-BI) could be addressed by the mature parking ADF.
Table A 1.23: Overview of target accidents for mature parking ADF by database.
Database /
insurance
coverage

1st
party/
MoDColl

3rd
party/
MTPLPD

3rd
party/
MTPLBI

Mature parking ADF
Parking ADF
Home Zone
Target
Share
accidents
inside
ODD

Parking ADF
Public
Target
Share
accidents
inside
ODD

Parking ADF (total)
Target
accidents
inside
ODD

Share

Total
number
of claims
ATZ
database

2004 &
2007

59

3.1%

222

11.6%

281

14.7%

1,916

2011

60

7.0%

147

17.2%

207

24.3%

853

2013 &
2014

145

5.3%

384

13.9%

529

19.2%

2,754

2018

34

10.2%

67

20.2%

101

30.4%

332

2004 &
2007

8

0.4%

494

25.0%

502

25.4%

1,979

2011

4

0.4%

291

31.0%

295

31.4%

939

2013 &
2014

1

0.1%

480

26.7%

481

26.8%

1,797

2018

0

0%

114

31.3%

114

31.3%

364

2011

0

0%

34

4.1%

34

4.1%

824

2013 &
2014

0

0%

19

3.0%

19

3.0%

631

2018

0

0%

6

2.9%

6

2.9%

204
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By comparing the respective databases, a range of addressable accidents for the parking
ADF can be observed. For 1st party databases the proportion of target accidents reaches
from 14.7% up to 30.4% of claims and for 3rd party claims (with property damage only) from
25.4% up to 31.4 %. This wide diffusion of results can be explained on the one hand by a
change in accident occurrence and insurance claims occurrence between the years 2004
and 2018. The wide implementation of driver assistance systems like electronic stability
control or advanced emergency braking systems led to a decrease in the respective
addressable accidents, while an increasing share of parking accidents could be observed for
insurance claims (Gwehenberger and Borrack, 2015; Borrack et al., 2017). On the other
hand, large differences were found with regard to quality and depth of the accident
descriptions within the analysed claims databases. Table A 1.24 gives an overview of the
claims where an assignment if addressable by parking ADF or not was not feasible.
Depending on the database, this proportion was up to 18.8% of all claims. That leads to the
conclusion that the actual share of addressable accidents for the parking ADF might be
higher compared to the determined share of target accidents.
Table A 1.24: Overview of parking accidents without details by database.
Database /
insurance coverage

“Parking & maneuvering accidents without details”
Parking accidents
w/o details
Number

1st
party/
MoDColl

3rd
party/
MTPLPD
3rd
party/
MTPLBI

Share

Maneuvering
accidents w/o
details
Number
Share

Total parking &
maneuvering w/o
details
Number
Share

Total
number
of
claims

2004 & 2007

130

6.8%

41

2.1%

171

8.9%

1,916

2011

19

2.2%

62

7.3%

81

9.5%

853

2013 & 2014

271

9.8%

248

9.0%

519

18.8%

2,754

2018

4

1.2%

29

8.7%

33

9.9%

332

2004 & 2007

34

1.7%

22

1.1%

56

2.8%

1,979

2011

14

1.5%

19

2.0%

33

3.5%

939

2013 & 2014

32

1.8%

53

2.9%

85

4.7%

1,797

2018

3

0.8%

27

7.4%

30

8.2%

364

2011

1

0.1%

0

0%

1

0.1%

824

2013 & 2014

0

0%

0

0%

0

0%

631

2018

0

0%

2

1.0%

2

1.0%

204

For the determination of the target accidents, the claims were also classified according to
further criteria of the respective functionalities of the mature parking ADF. For the "home
zone" and "public" functionalities, it was specified whether the respective claim occurred
while parking in or parking out. For the "public" functionality, the respective direction of the

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 78

parking manoeuvre – “parallel” or “perpendicular” – was also recorded, if the information was
available. For parking functions implemented in the future, this can provide valuable
additional information to assess the impact on accidents if the respective system does not
have the full range of functions according to the description of the mature parking ADF. Table
A 1.25 to Table A 1.27 give an overview of this detailed information.
It can be seen that for the "home zone" functionality, about the same proportion of
addressable claims happened when parking in as when parking out (Table A 1.27). A closer
look at the target accidents for the functionality "public," on the other hand, reveals that they
occur predominantly when the vehicle is parking out (Table A 1.28).
Table A 1.25: Distribution of target accidents for Parking ADF functionality “Home zone” by
manoeuvre and by database.
Database /
insurance coverage

Parking ADF functionality “Home zone”
Parking in

Number

1st
party/
MoDColl

3rd
party/
MTPLPD

3rd
party/
MTPLBI

Parking out

Share

Number

Share

Unknown, if
parking in or
parking out
Number
Share

Total
Number

2004 & 2007

26

44.1%

22

37.3%

11

18.6%

59

2011

23

38.3%

20

33.3%

17

28.3%

60

2013 & 2014

52

35.9%

67

46.2%

26

17.9%

145

2018

17

50.0%

9

26.5%

8

23.5%

34

Overall

118

39.6%

118

39.6%

62

20.8%

298

2004 & 2007

0

0%

8

100%

0

0%

8

2011

0

0%

2

50.0%

2

50.0%

4

2013 & 2014

1

100%

0

0%

0

0%

1

2018

0

0%

0

0%

0

0%

0

Overall

1

7.7%

10

76.9%

2

15.4%

13

2011

0

0%

0

0%

0

0%

0

2013 & 2014

0

0%

0

0%

0

0%

0

2018

0

0%

0

0%

0

0%

0

Overall

0

0%

0

0%

0

0%

0
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Table A 1.26: Distribution of target accidents for Parking ADF functionality “Public” by
manoeuvre and by database.
Database /
insurance
coverage

Parking ADF functionality “Public”
Manoeuvre
Parking in

Number

1st
party/
MoDColl

3rd
party/
MTPLPD

3rd
party/
MTPLBI

Parking out

Share

Number

Unknown, if
parking in or
parking out
Share

Number

Total

Share

Number

2004 &
2007

64

28.8%

153

68.9%

5

2.3%

222

2011

37

25.2%

108

73.5%

2

1.4%

147

2013 &
2014

122

31.8%

253

65.9%

9

2.3%

384

2018

26

38.8%

31

46.3%

10

14.9%

67

Overall

249

30.4%

545

66.5%

26

3.2%

820

2004 &
2007

83

16.8%

405

82.0%

6

1.2%

494

2011

65

22.3%

221

75.9%

5

1.7%

291

2013 &
2014

130

27.1%

340

70.8%

10

2.1%

480

2018

39

34.2%

70

61.4%

5

4.4%

114

Overall

317

23.0%

1,036

75.1%

26

1.9%

1,379

2011

6

17.6%

28

82.4%

0

0%

34

2013 &
2014

3

15.8%

16

84.2%

0

0%

19

2018

0

0%

15

83.3%

1

16.7%

6

Overall

9

15.3%

49

83.1%

1

1.7%

59

Table A 1.27 and Table A 1.28 show that parking in or parking out of perpendicular parking
lots accounts for a significantly higher proportion of insurance claims compared with parking
manoeuvres in parallel parking lots. It should be noted, however, that in the majority of the
relevant cases it was not possible to determine whether the accident occurred in a
perpendicular or parallel parking lot. In addition, the country-specific layout of parking spaces
must be taken into account. It can be assumed that in Germany parking is significantly more
frequent in perpendicular parking lots than in parallel parking lots. This may vary for other
European countries.
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Table A 1.27: Distribution of target accidents for Parking ADF functionality “Public” by
manoeuvre “Parking in” and by direction.
Database /
Insurance
coverage

1st
party/
MoDColl

3rd
party/
MTPLPD

3rd
party/
MTPLBI

Parking ADF functionality “Public”: Manoeuvre
“Parking in”

Parking
ADF
“Public”

Direction
Perpendicular

Parallel

Unknown, if
parallel or
perpendicular

Total

Number

Number

Number

Number

Share

Share

Share

2004 &
2007

21

9.5

8

3.6

35

15.8

222

2011

1

0.7

1

0.7

35

23.8

147

2013 &
2014

11

2.9

10

2.6

101

26.3

384

2018

1

1.5

1

1.5

24

35.8

67

Overall

34

4.1

20

2.4

195

23.8

820

2004 &
2007

8

1.6

12

2.4

63

12.8

494

2011

21

7.2

7

2.4

37

12.7

291

2013 &
2014

22

4.6

57

11.9

51

10.6

480

2018

6

5.3

7

6.1

26

22.8

114

Overall

57

4.1

83

6.0

177

12.8

1,379

2011

0

0

1

2.9

5

14.7

34

2013 &
2014

2

10,5

1

5.3

0

0

19

2018

0

0

0

0

0

0

6

Overall

2

3.4

2

3.4

5

8.5

59
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Table A 1.28: Distribution of target accidents for Parking ADF functionality “Public” by
manoeuvre “Parking out” and by direction.
Database /
insurance coverage

1st
party/
MoDColl

3rd
party/
MTPLPD

3rd
party/
MTPLBI

Parking ADF functionality “Public”: Manoeuvre
“Parking out”

Parking
ADF
“Public”

Direction
Perpendicular
parking

Parallel parking

Total

Number

Number

Share

Share

Unknown, if
perpendicular or
parallel
Number
Share

Number

2004 & 2007

37

16.7

0

0

116

52.3

222

2011

6

4.1

3

2.0

99

67.3

147

2013 & 2014

37

9.6

14

3.6

202

52.6

384

2018

5

7.5

0

0

26

38.8

67

Overall

85

10.4

17

2.1

443

54.0

820

2004 & 2007

64

13.0

15

3.0

326

66.0

494

2011

42

14.4

4

1.4

175

60.1

291

2013 & 2014

153

31.9

31

6.5

156

32.5

480

2018

17

14.9

3

2.6

50

43.9

114

Overall

276

20.0

53

3.8

707

51.3

1,379

2011

0

0

1

2.9

27

79.4

34

2013 & 2014

9

47.4

2

10.5

5

26.3

19

2018

0

0

0

0

5

83.3

6

Overall

9

15.3

3

5.1

37

62.7

59

For further analysis, the values determined for the target accidents of the individual
databases (see Table A 1.29) were summarized by motor insurance coverage. Depending
on the insurance coverage considered, the target accidents for the mature parking ADF show
shares between 3.6% and 27.5%. In the last step, the individual results were weighted and
merged to determine the share of target accidents within the total motor insurance collision
occurrence. The annual distribution of insurance claims in Germany as described in Annex
1.5.1 served as the basis for the weighting. The weighted result shows a share of 23.2% of
motor insurance collision claims in Germany that could be addressable by the mature
parking ADF “Parking Chauffeur.” Table A 1.30 displays the summarized results.
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Table A 1.29: Number and share of target accidents by Parking ADF functionality and by
insurance coverage.
Database /
insurance
coverage

1st party/ MoD-Coll
3rd
PD
party/
BI
MTPL
Total
(weighted)
Overall collision
claims (weighted)

Mature parking ADF
Parking ADF
Home Zone
Target
Share
accidents
inside
ODD
298
5.1%
13
0.3%
0
0%
0.3%

Parking ADF Public

Parking ADF (total)

Target
accidents
inside
ODD
820
1,379
59

Share

Target
accidents
inside
ODD
1,118
1,392
59

Share

311

2,258

21.2%

2,569

23.2%

2.0%

14.0%
27.2%
3.6%
25.1%

19.1%
27.5%
3.6%
25.4%

Number
of
claims

5,855
5,079
1,659

By multiplying the ratios for target accidents, effect and penetration rate in use the expected
benefit (safety impact) of the mature parking ADF can be calculated for the respective
scenarios. The share of motor insurance collision claims estimated to be prevented is
presented inTable A 1.30. The expected benefit is illustrated by the different scenarios for
effect and penetration rate in use. The results show that parking ADF has an avoidance
potential of 0.9% - 23.2% of motor insurance collision claims. This broad spread is mostly
influenced by the different scenarios of the penetration rate in use. In summary, due to the
nature of parking accidents the impact on the share of accidents involving injuries was
estimated as very small. In contrast, a high penetration rate of the parking ADF is expected
to lead to a significant decrease in accidents with property damage only.
Table A 1.30: Share of insurance collision claims prevented by effect and by penetration rate,
mature parking ADF.
Target accidents
parking chauffeur

Effect

Penetration
rate in use

23.2%

75%

5%
10%
30%
100%
5%
10%
30%
100%

100%
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0.9%
1.7%
5.2%
17.4%
1.2%
2.3%
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23.2%
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Due to lack of detailed information on parking accidents in other European countries the
calculated results are based on German insurance data only. Consequently, a scaling up to
EU27+3 was not feasible. Nevertheless, various insurance claims data studies of automotive
research centres indicate that the occurrence of parking accidents is broadly similar in
various countries (see RCAR, 2015). Although more detailed information on the cause of the
respective damages is missing, the studies indicate for other European countries a similar
impact of parking ADF on accidents to be expected as presented in this chapter.
A1.5.3 Limitations
The analysis for the safety impact assessment of the parking ADF has been carried out to
the best knowledge and available data. However, there are certain aspects to be considered
when referring to and interpreting the results. In the following these aspects and the related
limitations are described.
The provided results are only valid for the mature L3Pilot ADF, which simplifies certain
technical aspects of a real ADF. The mature L3Pilot ADF is only an approximation of a real
ADF and does not represent any particular implementation in L3Pilot.
Parking accidents are mostly property damage accidents. There is no information on
property damage accidents in the CARE database. Due to this deficiency a different
approach was needed for the assessment of the safety impact of parking ADF. Reliable
information for the determination of target accidents for the parking ADF was only available
for Germany (insurance claims databases, see Annex 1.2.4). Due to lack of detailed data
regarding the occurrence of parking accidents in other countries, transferring the results to
EU-level was not feasible. Nevertheless, available studies (RCAR, 2015) indicate a broadly
similar occurrence of parking accidents in other countries. Therefore, a comparable safety
impact of the parking ADF as presented in Annex 1.5.2 can be assumed for EU27+3.
With insurance claims databases as the basis for the assessment, some specific
characteristics have to be taken into account. The number of insurance claims is not equal to
the number of accidents. From an insurance perspective one accident can result in two
claims (1st party claim and corresponding 3rd party claim) or one claim (1st party claim
without corresponding 3rd party claim or 3rd party claim without corresponding 1st party
claim). Due to this specific nature a scaling up of the total number of parking accidents on the
basis of insurance claims was not feasible. Additionally, the insurance claims databases
show varying information quality. The databases contained several claims that occurred
while parking or manoeuvring, but due to lack of detailed accident descriptions it was not
possible to determine whether the accident would have been addressable by parking ADF.
A lot of minor damages are not reported to the police and to insurance as well. Because of
the low amount of damage, it can be assumed that most of them occur during parking or
manoeuvring. There was no information available with regard to the number of these minor
damages. An impact of the parking ADF on these accidents is also to be expected but not to
be quantified.
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Considering the potential for new crashes through the use of parking ADF, there was no
information available. Finally, the factor effect used in the calculation is based on
assumptions.
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A1.6 Annex: Scaling up of impact for motorway and urban ADF
A1.6.1 Method
In the last step of the safety impact assessment, the simulation results, which represent
specific conflicts or traffic conditions but not any country or region, need to be scaled up to
EU27+3 level. This step used the ERiC method (e.g., Rämä and Innamaa, 2021; Innamaa et
al., 2014) to scale up safety effects of motorway and urban ADFs from the simulation results
to EU27+3 level.
The process included seven main steps:
1) Identification of relevant impact mechanisms
Determination of relevant direct and indirect impact mechanisms was done from the list of
nine mechanisms proposed by Innamaa, Smith, Barnard, Rainville, Rakoff, Horiguchi et al.
(2018) for impacts of automated driving:
1. Direct modification of the driving task, driving behaviour or travel experience
2. Direct influence by physical and/or digital infrastructure
3. Indirect modification of AV user behaviour
4. Indirect modification of non-user behaviour
5. Modification of interaction between AVs and other road users
6. Modification of exposure / amount of travel
7. Modification of modal choice
8. Modification of route choice
9. Modification of consequences due to different vehicle design
2) Processing of accident data
Road accident data in the Europe-wide CARE database was processed to identify those
accidents that took place within the ODD requirements of the mature ADFs (chapter 2.1) with
the variables available in the CARE database. Specifically, the following CARE variables
were considered: whether the accident took place on motorway or in an urban area, weather,
road surface, lane marking quality and speed limit information (for urban ADF only).
Even though the accident records in the CARE database have most of the attributes needed
for scaling up of the safety impacts, not all fields are always completed, or they may be of
type “unknown” or “not specified.” Thus, a process was needed to fill in these data gaps to
produce an estimate on the frequency of all relevant accident characteristics in EU27+3 to
define the target accidents which can be potentially prevented with use of ADF.
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In-depth and national accident data/statistics were used to complement the CARE database.
In practice, the following measures were completed to prepare the accident data for target
accident identification:
•

German in-depth accident data (GIDAS) was used for all countries to divide CARE
attribute “rain” into light/medium rain (= inside ODD) and heavy rain (= outside ODD)
in CARE.

•

German in-depth accident data (GIDAS) was also used to fix missing information on
road markings for all countries with an estimate of proportion of accidents taking
place on road sections with insufficient lane marking quality with respect to ODD of
the ADF.

•

National Lithuanian accident data was used to find percentages for road accidents
occurring in urban, rural and motorway environments as in the CARE database the
area code was "Unknown" for all Lithuanian accidents in CARE.

•

National Finnish accident statistics were used to correct the accident severity "Injured
(not specified)" into accidents with slight injuries for all Finnish accidents in CARE.

•

German in-depth accident data (GIDAS) was used to fix the distribution of weather
conditions for all German accidents in CARE.

•

French in-depth accident data (VOIESUR) was used to fix the distribution of speed
limits in urban areas for all French accidents in CARE.

•

Norwegian in-depth accident database (TRINE) was used to fix Norway's missing
surface conditions information in urban areas for all Norwegian accidents in the
CARE database.

•

Some "Unknown" or "Injured (not specified)" accident severities were fixed with EU
averages to divide "Unknown" into fatal, serious and slight and "Injured (not
specified)" into serious and slight.

•

Accident types with missing information (value "None") were allocated to other
accident types based on their frequency in the accident data. In the allocation
process, all available variables in the following were used to ensure that all available
information on the accident was considered: country, severity, road type, at a junction
or not, whether the accident was inside or outside ODD due to weather, road
markings, surface conditions, speed limit, work zone area and junction control.

•

Accident types marked as "Not specified" (AA-x.51, AA-x.52, AA-x.) and “Unknown
details” (A-x.99) were allocated to their more specified counterparts (for example,
“Pedestrians crossing - turning of vehicle – not specified” to “Pedestrian crossing
street – turning of vehicle to the right (left)” and “Pedestrian crossing street – turning
of vehicle to the left (right)”) based on their frequency with the same method as in the
previous two steps.
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•

Variables with a value "Unknown" in each ODD variable (weather, markings, surface
conditions, speed limit) were allocated to be either inside or outside ODD based on
the EU-wide distributions for each accident type.

3) Determination of target accidents (i.e., potentially preventable accidents)
Accident types of the CARE database occurring within the ODDs of the ADFs were mapped
with the simulated driving scenarios. The safety effect of these accident types was derived
from the simulations. The effects for the accident types which were not covered by
simulations needed to be assessed based on information from other sources (see step 6).
The ADFs were assumed to have no direct impact outside their ODD.
Tables below show the result of the allocation process for motorway ADF (Table A 1.31) and
urban ADF (Table A 1.32–Table A 1.34). If several sources for change in accident risk and
frequency are listed, the target accidents are divided for them equally unless stated
otherwise. For the accident type “other” of each accident category, the change in accident
risk and frequency was assumed to be equally distributed according to the other accident
types of the same category. The changes in accident risk for those accident types based on
assumptions are presented in step 6. The change in frequency for those accident types
based on assumptions was assumed to be 1, i.e., “no change”.
Table A 1.31: Allocation of accident types to simulated scenarios and those that need effect
estimates from other sources (“Assumption”), Motorway ADF.
Target accident according to CARE accident
type
Pedestrian

Crossing street - No turning of vehicle Outside a junction
Stationary in the road

Change in accident
risk from

P5 VRU Conflict
Assumption

Walking along the road

Hitting
parked
vehicles /
Accidents
with parked
vehicles

Single
vehicle
accidents

Change in
frequency
from

On pavement or bicycle lane

Assumption

Other

Assumption
Assumption

Right (left) side of the road1

N4 Obstacle in the
Lane
Assumption

Left (right) side of the road1

N4 Obstacle in the
Lane

Opening doors

Assumption

Other

Assumption

With animals

N4 Obstacle in the
Lane

With obstacles on or above the road

Assumption

Assumption

With roadwork materials
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Target accident according to CARE accident
type

Change in accident
risk from

Change in
frequency
from

With obstacles - Others
Leaving straight road - Either side of the
road
In a bend - Going either side of the road
On the road

Assumption

Including rollover
Without obstacles - Others
At least two
vehicles

Same direction - Overtaking

Same direction – Rear-end collisions2

Same direction - Entering traffic

Same direction - Side collision

Same direction - Others

P3a Cut-In Conflict
(“Rear-end”)

Cut-In

P4 Lane Change
Conflict

Lane Changes

P1 Rear-end Conflict

Approaching
Lead

P2 End of Traffic Jam
Conflict

Assumption

N6 Motorway Entrance
(Passing)

Assumption

P3b Cut-In Conflict
(“Side-swipe”)

Cut-In

P4 Lane Change
Conflict

Lane Changes

P1 Rear-end Conflict

Approaching
Lead

P2 End of Traffic Jam
Conflict

Assumption

Assumption

Assumption

P1 Rear-end Conflict

Approaching
Lead

P2 End of Traffic Jam
Conflict

Assumption

P3b Cut-In Conflict
(“Side-swipe”)

Assumption

Head-on collision in general
Opposite direction no turning Reversing
Opposite direction no turning - Others
Others no turning
Turning - Same road - Same direction Turning right (left)3
Turning - Same road - Same direction Turning left (right)4
Turning - Same road - Same direction Others5
1

In-depth accident data (FCD): of accidents with parked vehicles, half occur inside and half outside the lane
In-depth accident data (GIDAS): of accidents, half occur at the end of a traffic jam
3
In-depth accident data (GIDAS): 5% of accidents occur at ramp sections, i.e., occur inside ODD (target accidents)
4
In-depth accident data (GIDAS): 18% of accidents occur at ramp sections, i.e., occur inside ODD (target accidents)
5
In-depth accident data (GIDAS): 8% of accidents occur at ramp sections, i.e., occur inside ODD (target accidents)
2
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Table A 1.32: Allocation of accident types to simulated scenarios and those that need effect
estimates from other sources (“Assumption”), pedestrian accidents & urban ADF.
Target accidents according to
CARE accident – Pedestrian
accidents

Change in accident risk from

Crossing street - No turning of vehicle Outside a junction

PL Going straight: Pedestrian left

Crossing street – No turning – At a
junction

PL going straight: Pedestrian left

Crossing - Vehicle turning right (left)

RPL2 Right Turn: Pedestrian from left after nodal point

PR Going straight: Pedestrian right
PR going straight: Pedestrian right
RPR2 Right Turn: Pedestrian from right after nodal point

Crossing - Vehicle turning left (right)

PL Going straight: Pedestrian left
LPL2 Left Turn: Pedestrian from left after nodal point
PR going straight: Pedestrian right
LPR2 Left Turn: Pedestrian from right after nodal point

Stationary in the road

ASP Pedestrian static

Walking along the road

ASP Pedestrian static

On pavement or bicycle lane

Assumption

Other

PL Going straight: Pedestrian left
PR Going straight: Pedestrian right
RPL2 Right Turn: Pedestrian from left after nodal point
RPR2 Right Turn: Pedestrian from right after nodal point
LPL2 Left Turn: Pedestrian from left after nodal point
LPR2 Left Turn: Pedestrian from right after nodal point
ASP Pedestrian static
AL Going straight: Approaching Lead Object
Assumption

Table A 1.33: Allocation of accident types to simulated scenarios, urban ADF, Cyclist
accidents & urban ADF.
Target accident according to
CARE accident – At least two
vehicles

Change in accident risk

Same direction - Overtaking

ASP Pedestrian static

Same direction – Rear-end collisions

ASP Pedestrian static

Same direction - Entering traffic

ASP Pedestrian static

Same direction - Side collision

ASP Pedestrian static

Same direction - Others

ASP Pedestrian static

Head-on collision in general

ASP Pedestrian static
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Target accident according to
CARE accident – At least two
vehicles

Change in accident risk

Opposite direction no turning Reversing

ASP Pedestrian static

Opposite direction no turning - Others

ASP Pedestrian static

Others no turning

CVR0_B Crossing: Vehicle from right, going straight
ASP Pedestrian static

Turning – Same road – Same direction –
rear end collision

ASP Pedestrian static

Turning – Same road – Same direction –
U turn

ASP Pedestrian static

Turning - Same road - Same direction Turning right (left)

ASP Pedestrian static

Turning - Same road - Same direction Turning left (right)

ASP Pedestrian static

Turning - Same road - Same direction Others

ASP Pedestrian static

Same road – Opposite direction –
turning left (right)

CVR0_B Crossing: Vehicle from right, going straight

Same road – Opposite direction – U-turn

ASP Pedestrian static

Same road – Opposite direction Turning into same road

RVL_B Right turn: Vehicle from left

Same road – Opposite direction –
Turning into opposite roads

LVL1_B Left turn: Vehicle from left

Same road – Opposite direction –
Turning right (left) in front of other
vehicle

RVL_B Right turn: Vehicle from left

Same road – Opposite direction Turning others

RVL_B Right turn: Vehicle from left

CO_B Crossing with vehicle from right

CVR0_B Crossing: Vehicle from right, going straight
CVR0_B Crossing: Vehicle from right, going straight
CO_B Crossing with vehicle from right

LVL1_B Left turn: Vehicle from left
LVR1_B Left turn with object coming from right
CVR0_B Crossing: Vehicle from right, going straight

Crossing (no turning) – Different roads

CVR0_B Crossing: Vehicle from right, going straight
CVR0_B Crossing vehicle from right, going straight

Different roads – Turning right (left) in
front of vehicle from the left (right)

RVL_B Right Turn: Vehicle from left

Different roads – Turning right (left) –
Head on collision

CO_B Crossing with vehicle from right

CVR2_B Crossing with vehicle from right making right
turn
CVR0_B Crossing: Vehicle from right, going straight
CVR0_B Crossing: Vehicle from right, going straight
RVL Right turn: Vehicle from left

Different roads – Both vehicles turning

RVL_B Right Turn: Vehicle from left
LVL1_B Left Turn: Vehicle from left
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Target accident according to
CARE accident – At least two
vehicles

Change in accident risk

LVR1_B Left turn with object coming from right
Different roads – Turning left (right) into
traffic from the right (left) side

LVR1_B Left turn with object coming from right

Different roads – Turning left (right) into
traffic from the left (right) side

LVL1_B Left turn: Vehicle from left

Different roads – Turning into traffic Others

RVL_B Right Turn: Vehicle from left

CVR0_B Crossing: Vehicle from right, going straight
CVR1_B Crossing with vehicle from right making left
turn
LVL1_B Left Turn: Vehicle from left
LVR1_B Left turn with object coming from right
CVR1_B Crossing with vehicle from right making left
turn
CVR0_B Crossing: Vehicle from right, going straight

Crossing or turning - Others

CVR0_B Crossing: Vehicle from right, going straight
CVR1_B Crossing with vehicle from right making left
turn
RVL_B Right Turn: Vehicle from left
LVL1_B Left Turn: Vehicle from left
LVR1_B Left turn with object coming from right

Table A 1.34: Allocation of accident types to simulated scenarios and those that need effect
estimates from other sources (“Assumption”), Accidents with another vehicle & urban ADF.
Target accident according to
CARE accident

Change in accident risk

Hitting parked vehicles / Accidents with parked vehicles
Right (left) side of the road

Assumption
AS Going straight: Stationary object

Left (right) side of the road

Assumption
AS Going straight: Stationary object

Opening doors

Assumption

Other

Assumption
AS Going straight: Stationary object

Single vehicle accidents
With animals

AL Going straight: Approaching lead object
AS Going straight: Stationary object

With obstacles on or above the road

AS Going straight: Stationary object

With obstacles - Others

AS Going straight: Stationary object

Leaving straight road - Either side of the
road

Assumption
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Target accident according to
CARE accident

Change in accident risk

In a bend - Going either side of the road

Assumption

On the road

Assumption

Including rollover

Assumption

In junctions or entrances

Assumption

Without obstacles - Others

Assumption

At least two vehicles
Same direction - Overtaking

CI Cut-in: Left / right

Same direction – Rear-end collisions

AL Going straight: Approaching lead object
AS Going straight: approaching static object

Same direction - Entering traffic

CI Cut-in: Left / right

Same direction - Side collision

CI Cut-in: Left / right

Same direction - Others

AL Going straight: Approaching lead object
AS going straight: Approaching Static object
CI Cut-in: Left / Right

Head on collision in general

OV Oncoming vehicle1

Opposite direction no turning Reversing

AL Going straight: Approaching lead object

Opposite direction no turning - Others

OV Oncoming vehicle1
AL Going straight: Approaching lead object

Others no turning

CVL0 Crossing: Vehicle from left, going straight
OV Oncoming vehicle1
AL Going straight: approaching lead object
CI Cut-in: Left / right
AS Going straight: Approaching static object

Turning – Same road – Same direction –
Rear-end collision

AL Going straight: Approaching lead object

Turning – Same road – Same direction –
U-turn in front of other vehicle

AL Going straight: Approaching lead object

Turning - Same road - Same direction Turning right (left)

AL Going straight: Approaching lead object

Turning - Same road - Same direction Turning left (right)

AL Going straight: Approaching lead object

Turning - Same road - Same direction Others

AL Going straight: Approaching lead object

AS Going straight: Approaching static object

CI Cut-in: Left / right
CI Cut-in: Left / right
CI Cut-in: Left / right
AS Going straight: Approaching static object

Same road – Opposite direction –
turning left (right) in front of other vehicle

LVR2 Left turn with oncoming object

Same road – Opposite direction – U-turn
in front of other vehicle

AL Going straight: Approaching lead object

CO Crossing with vehicle from right

RVL Right Turn: Vehicle from left
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Target accident according to
CARE accident

Change in accident risk

Same road – Opposite direction –
Turning into same road

LVR2 Left turn with oncoming vehicle

Same road – Opposite direction –
turning into opposite roads

LVL1 Left turn: Vehicle from left

Same road – Opposite directionTurning right (left) in front of other
vehicle

RVL Right Turn: Vehicle from left

Same road – Opposite direction –
Turning others

RVL Right Turn: Vehicle from left

LVR2 Left turn with oncoming object
CO Crossing with vehicle from left

LVL1 Left Turn: Vehicle from left
LVR1 Left turn with object coming from right
LVR2 Left turn with oncoming object

Crossing (no turning) – Different roads

CVL0 Crossing: Vehicle from left, going straight

Different roads – Turning right (left) in
front of vehicle from left (right)

RVL Right Turn: Vehicle from left

Different roads – Turning right (left) –
Head on collision

CO Crossing with vehicle from right

CVL0 Crossing: Vehicle from left, going straight
LVR2 Left turn with oncoming object
CVL0 Crossing: Vehicle from left, going straight
RVL Right Turn: vehicle from left

Different roads – Both vehicles turning

RVL right Turn: Vehicle from left
LVL1 Left Turn: Vehicle from left
LVR1 Left turn with object coming from right

Different roads – Turning left (right) into
traffic from right (left) side

LVR1 Left turn with object coming from right

Different roads – Turning left (right) into
traffic from the right (left) side

LVL1 Left Turn: Vehicle from left

Different roads – Turning into traffic Others

RVL Right Turn: Vehicle from left

CVL0 Crossing: Vehicle from left, going straight
CVR1 Crossing with vehicle from right making left turn
LVL1 Left turn: Vehicle from left
LVR1 Left turn with object coming from right
CVL0 Crossing: Vehicle from left, going straight
CVR1 Crossing with vehicle from right making left turn

Crossing or turning - Others

CVL0 Crossing: Vehicle from left, going straight
CVR1 Crossing with vehicle from right making left turn
RVL Right Turn: Vehicle from left
LVL1 Left turn: Vehicle from left
LVR1 Left turn with object coming from right
LVR2 Left turn with oncoming object

1

The scenario with an oncoming object in urban areas could not be simulated since it was not possible to generate valid
scenarios for speed ranges within urban areas. As a surrogate, results for the scenario CO have been used, because the
movement of the other object into the lane of the ego-vehicle represents a similar situation in terms of the required reaction by
the ego-vehicle. The IRF applied has been modified to treat all occurring collisions in simulation as head-on collisions.
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For the urban environment, the impact for accidents involving at least two vehicles was
assessed separately for accidents between a passenger car and a cyclist and for accidents
between a passenger car and another type of vehicle (another passenger car, HGV, PTW).
As the accidents between a passenger car and a cyclist could not be directly identified from
the CARE database, this share was assessed to be 84% of cyclist accidents on this network
of the injury accident type in question. The remaining accidents were assumed to have taken
place between a passenger car and other type of vehicle. The proportion 84% for the cyclist
accidents involving a passenger car was based on Finnish and German in-depth accident
data.
Accident types assumed to take place outside of ODD of the mature ADFs and consequently
not affected by them:
Motorway ADF:
•

Accidents at pedestrian crossings – as there are no pedestrian crossings on
motorways

•
•

Accidents between train and vehicle – as there are no trains on motorways
Single vehicle accidents in junctions – as ramps are outside of ODD

•

Accidents during turning manoeuvre – as turning onto ramps is outside ODD

Urban ADF:
• Accidents at roadworks – as roadworks are outside of ODD
• Accidents with train – as railways are outside of ODD

4) Calculation of impact estimates from safety simulations for the current accidents
The safety impact scaled up for EU27+3 was calculated per ADF with the formula below for
different severities (i) (accidents with fatal, serious and slight injuries) and for different
penetration rates (p) set for the socio-economic impact assessment based on the expected
change in total number of injury accidents, the frequency in the driving scenario that
potentially leads to an accident, and the share of certain severities among all injury
accidents.

𝐼𝑚𝑝𝑎𝑐𝑡,,- = E F𝑇./.%0,1 ∙ ∆𝑓1,- ∙ ∆𝐼./.%0,1,- ∙
1

𝐴,,#'
𝐴./.%0,#'

∙ ∆𝑖,,1,- K − E 𝑇,,1
1

𝑇!"!#$,& = Number of target accidents (injury accidents of all severities: slight, serious, fatal) for driving scenario j
∆𝑓!,# = Change in the frequency of driving scenario j for penetration rate p
∆𝐼$%$&',!,# = Change in total injury accident risk for driving scenario j for penetration rate p
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𝐴',() = Number of accidents of severity i for target accident type (AT) linked to driving scenario j
𝐴!"!#$,() = Number of all injury accidents in total for AT linked to driving scenario j
∆𝑖(,!,# = Change in accidents’ share of severity i for driving scenario j for penetration rate p

𝑇',& = Number of target accidents with severity i for driving scenario j
Note: The value for all deltas in the formula is 1.00 for 0% change, 0.95 for -5% change, 1.05 for +5% change, etc.

The formula above is inspired by Rösener et al. (2019) and developed further within the
L3Pilot project. The ∆𝑓 and ∆𝐼 are weighted based on their real occurrence (∆𝑓 for different
traffic volumes and motorway types by vehicle kilometres travelled in the EU (EU-VKT) and
∆𝐼 for different traffic volumes and motorway types by driving scenario occurrence in the EU).
The treatment scenario (TR) included p% of ADF driven vehicles which performed k% of the
driving scenario j in question. This k was calculated from the results of the traffic scenario
simulations as a proportion of driving scenario occurrences performed by an ADF driven
vehicle of all driving scenario occurrences (performed by both ADF and manually (M) driven
vehicles) for each traffic scenario.
𝑘&,)2 =

𝐷&,(45,)2
𝐷&,(45,)2 + 𝐷&,6,)2

The frequency (fj) of the driving scenario j was defined for the baseline scenario (BL) by
dividing the number of its occurrence (Dj,BL) by the total vehicle kilometres travelled in the
simulated baseline scenario (VKTBL).
𝑓&,78 =

𝐷&,78
𝑉𝐾𝑇78

For the treatment scenario, the frequency included occurrence of driving scenarios
performed by ADF driven vehicles (Dj,ADF,TR) and manually driven vehicles (Dj,M,TR). In
addition, the vehicles’ kilometres travelled in the treatment scenario simulation (VKTTR) was
for the whole flow in total.
𝑓&,)2 =

𝐷&,(45,)2 + 𝐷&,6,)2
𝑉𝐾𝑇)2

Change in frequency of driving scenario j when penetration rate is p (∆𝑓&,* ) is the ratio
between treatment and baseline scenario in the occurrence of the driving scenario in
question.
∆𝑓&,* =

𝑓&,)2
𝑓&,78

The change in frequency was estimated for different traffic scenarios (TS), varying in terms
of road types (number of lanes, speed limit) and traffic volumes, with separate simulations.
For calculation of the overall impact, the outcomes for these different traffic scenarios were
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combined by weighting them (wp,TS) with the proportion of VKT driven in EU27+3 in each
scenario (VKTTS,EU). These proportions were estimated in the efficiency impact assessment.
𝑤*,)9 =

𝑉𝐾𝑇)9,+,
∑ 𝑉𝐾𝑇)9,+,

∆𝑓&,* = , 𝑤*,)9 ∙ ∆𝑓&,*,)9
)9

For each simulated driving scenario j, the injury accident risk for a manually driven vehicle in
the baseline scenario (Itotal,j,M) was equal to the total number of injury accidents in the
baseline simulations for manually driven ego-vehicles (Atotal,j,M) divided by the number of
driving scenarios performed (Nj,M). These accidents included those caused by both the egovehicle and by other vehicles (e.g., reaction to ego performing the driving scenario).
𝐼!"!#$,&,6 =

𝐴!"!#$,&,6
𝑁&,6

Similarly, the injury accident risk for an ADF driven vehicle in the treatment scenario (Itotal,j,ADF)
was equal to the total number of injury accidents in the treatment simulations for ADF driven
ego-vehicles (Atotal,j,ADF) divided by the number of these driving scenarios performed (Nj,ADF).
𝐼!"!#$,&,(45 =

𝐴!"!#$,&,(45
𝑁&,(45

The total injury accident risk for manually driven vehicles in the treatment scenario was
assumed to be equal to the risk of manually driven vehicles in the baseline scenario (Itotal,j,M,TR
= Itotal,j,M,BL to be marked in the following as Itotal,j,M).
For each driving scenario j, the change in accident risk (∆𝐼!"!#$,&,* ) was calculated by
comparing the risk in the treatment scenario to the baseline scenario.
∆𝐼!"!#$,&,* =

𝑘&,)2 ∙ 𝐼!"!#$,&,(45 + /1 − 𝑘&,)2 2 ∙ 𝐼!"!#$,&,6
𝐼!"!#$,&,6

For the motorway simulations where the accident risk was simulated for a single ADF,
manual AEB and (fully) manual vehicle, the accident risk for the 7.5% AEB penetration rate
among the manually driven vehicles was estimated as
𝐼!"!#$,&,6 = 7.5% ∙ 𝐼!"!#$,&,6_(+7 + 92.5% ∙ 𝐼!"!#$,&,6_<#=>#$
Multiplication with the proportion of accidents of certain severity i from all injury accidents in
total (

(),*+
,-,./,*+

in the corresponding CARE accident type (AT) linked to the driving scenario j

multiplied with the change in that proportion (∆𝑖',&,* ) calculated with the simulation results of
driving scenario j converts the overall accident risk impact to the impact on severity level.
The simulation results of ADF and manually driven ego-vehicles are combined in line with the
above.
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𝑘∙
∆𝑖',&,* =

𝐴',&,(45
𝐴',&,6
+ (1 − k) ∙
𝐴!"!#$,&,(45
𝐴!"!#$,&,6
𝐴',&,6
𝐴!"!#$,&,6

Again, for the motorway simulations where the accident risk was simulated for single ADF,
manual AEB and (fully) manual vehicle, the accident risk for the 7.5% AEB penetration rate
among the manually driven vehicles was estimated as
𝐴',&,6
𝐴!"!#$,&,6

= 7.5% ∙

𝐴',&,6_(+7
𝐴!"!#$,&,6_(+7

+ 92.5% ∙

𝐴',&,6_<#=>#$
𝐴!"!#$,&,6_<#=>#$

In practice, the formula above for the change in accident severity distribution was applied to
fatal and serious accidents. The rest of the injury accidents were considered with slight
injuries.
Some of the driving scenario simulations (P5 Lane Change scenario for motorway ADF)
included aspects of a traffic scenario (number of lanes, speed limit, traffic volume) in addition
to the ADF penetration rate. Thus, the results of driving scenario simulations were linked to
the traffic scenario in which they were simulated. Consequently, the results linked to each
traffic scenario were combined by weighting them with the proportion with which this traffic
scenario represents the driving scenario overall in the EU (i.e., which percentage of
occurrences of the driving scenario in question take place in this traffic scenario in the EU).
These weighting factors (wj,p,TS) were calculated using driving scenario frequencies fi,p (see
above) and vehicle kilometres travelled (VKT) on the EU level in each traffic scenario (input
from the efficiency impact assessment).
∆𝐼!"!#$,&,* = , 𝑤&,*,)9 ∙ ∆𝐼!"!#$,&,*,)9
)9

𝑤&,*,)9 =

𝑓&,*,)9 ∗ 𝑉𝐾𝑇)9,+,
∑)9/𝑓&,*,)9 ∗ 𝑉𝐾𝑇)9,+, 2

The proportion of changes in the severity distribution (∆𝑖',&,* ) of different traffic scenarios (TS)
is weighted with the same weights wj,p,TS as ∆𝐼!"!#$,&,* above.
∆𝑖',&,* = , 𝑤&,*,)9 ∙ ∆𝑖',&,*,)9
)9

For the urban environment, the changes in frequency of driving scenarios could not be
simulated. Thus, the safety impact assessment addressed only changes in the overall injury
risk (Itotal) and in the severity of the accidents (ii). Consequently, the scaling up approach
could also be simplified to address only the proportion of accidents corresponding to the
penetration rate of ADF driven vehicles and the impact that the relative differences in their
injury accident risk and severity compared to the manual vehicles in the baseline has on the
number of accidents.
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𝐼𝑚𝑝𝑎𝑐𝑡',* = 𝑝 ∙ U, U𝑇!"!#$,& ∙
&

𝐼!"!#$,&,(45
𝑖',&,(45
𝐴',()
∙
∙
V − , 𝑇',& V
𝐼!"!#$,&,6 𝐴!"!#$,() 𝑖',&,6
&

Here, similar to the motorway scaling up, the results of manual AEB and (fully) manual vehicles
were combined for the accident risk (𝐼!"!#$,&,6 ) and the proportion of accidents of certain
severity (𝑖',&,6 ) using 7.5% AEB penetration rate among the manually driven vehicles.
𝐼!"!#$,&,6 = 7.5% ∙ 𝐼!"!#$,&,6_(+7 + 92.5% ∙ 𝐼!"!#$,&,6_<#=>#$
𝑖',&,6 = 7.5% ∙ 𝑖',&,6_(+7 + 92.5% ∙ 𝑖',&,6_<#=>#$

5) Calculation of impact estimates from safety simulations for the new accidents
The scaling up logic above was applied for those scenarios where we can utilise current
accidents as a basis for impact assessment. As this was not the case for some of the “new”
accidents caused by ADF driven vehicles, a process was separately defined within the
L3Pilot project for scaling up of those accidents. In practice, this assessment method was
applied for the driving scenarios ‘N1 Minimal Risk Manoeuvre’ and ‘N2 Wrong Activation’ on
motorways. For these, L3Pilot developed an approach where the number of new accidents is
assessed via the relative change in the average injury accident rate and an estimate of the
number of related driving scenarios.
𝐼𝑚𝑝𝑎𝑐𝑡,,- = E

1;<=,<>

𝑇𝑅./.%0,9: ∙ @∆𝐼𝑅./.%0,1,- − 1B ∙ 𝑉𝐾𝑇1,- ∙

𝐴,,1,𝐴./.%0,1,-

𝑇𝑅!"!#$,+, = Injury accidents rate of the target accidents (injury accidents of all severities:
slight, serious, fatal) within ODD in EU27+3
∆𝐼𝑅!"!#$,&,* = Change in injury accident rate for driving scenario j for penetration rate p
𝑉𝐾𝑇&,* = Vehicle kilometres travelled (VKT) driven under influence of driving scenario j
for penetration rate p in EU27+3
𝐴',&,* = Number of accident severity i for driving scenario j for penetration rate p
𝐴!"!#$,&,* = Number of all injury accidents in total for driving scenario j for penetration rate
p
Note: The value for delta in the formula is 1.00 for 0% change, 0.95 for -5% change,
1.05 for +5% change, etc.
The average injury accident rate of the target accidents (𝑇𝑅!"!#$,+, ) inside ODD on the
network was calculated as a ratio of the total number of injury accidents (𝑇!"!#$,+, ) and VKT
driven (𝑉𝐾𝑇+, ) in those conditions in EU27+3.
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𝑇𝑅!"!#$,+, =

𝑇!"!#$,+,
𝑉𝐾𝑇+,

The impact was calculated based on the relative difference between the average accident
risk and the accident risk in traffic flow where an ADF driven vehicle performs (partial or full)
MRM or wrong activation. The relative change in accident rate (∆𝐼𝑅!"!#$,&,* ) is calculated
based on accident rates for ADF (𝐼𝑅!"!#$,&,(45 ) and manually (𝐼𝑅!"!#$,&,6 ) driven vehicle in the
same scenario and the penetration rate (p). Accident rate is calculated with the number of all
injury accidents (Atotal,j) and VKT driven by ego-vehicle within the simulation. For the ADF
driven ego-vehicles, these accidents are related to the performed driving scenario; for
manually driven ego-vehicles, they are related to the normal driving within this scenario
(motorway type, traffic volume).
𝐼𝑅!"!#$,&,6 =
𝐼𝑅!"!#$,&,(45 =
∆𝐼𝑅!"!#$,&,* =

𝐴!"!#$,&,6
𝑉𝐾𝑇&,6
𝐴!"!#$,&,(45
𝑉𝐾𝑇&,(45

𝐼𝑅!"!#$,&,(45
𝐼𝑅!"!#$,&,6

These delta values are simulated in different traffic scenarios. To combine them, an average
weighted by the VKT driven inside those scenarios on EU27+3 level is applied.
∆𝐼𝑅!"!#$,&,* = , 𝑤&,*,)9 ∙ ∆𝐼𝑅!"!#$,&,*,)9
)9

𝑤&,*,)9 =

𝑉𝐾𝑇)9,+,
∑)9 𝑉𝐾𝑇)9,+,

VKT driven inside ODD by ADF driven cars in EU27+3 is equal to their penetration rate of the
total VKT by passenger cars, which was estimated in efficiency impact assessment. It is
assumed that the MRM affects 1 km stretch; thus, the proportion of VKT affected by this
larger accident risk would be equal to assumed frequency (𝑓&,* ) of the driving scenario to take
place.
𝑉𝐾𝑇&,* = 𝑓& ∙ 𝑝 ∙ 𝑉𝐾𝑇+,
The rest of the VKT is assumed not to be affected by this driving scenario.
6) Estimation of impacts for the non-simulated accident types
The impacts for those accident types not addressed by any simulated scenario were
evaluated based on mature ADF design principles and accident statistics with the following
assumptions:
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•

ADF does not have unintended lane departures, and as a result, run-offs are only
possible in very slippery (non-weather related) conditions and the AV does not hit
objects or obstacles outside the lane.

•

ADF brakes when another vehicle is approaching from the opposite direction (headon/reversing) in the same lane. Hence, the ADF cannot avoid the collision but
the severity may be decreased due to speed reduction.

•

A majority of accidents with opening doors of parked vehicles are very
sudden situations; hence the ADF cannot avoid these collisions.

Accident statistics (GIDAS, STATS19, Finnish Crash Data Institute) were exploited to find
information on the accident types (chain of events, location, conditions). An overview of the
accident types, the assumptions made, target accidents addressed and the risk for ADF is
presented for motorway ADF Table A 1.35 and for urban ADF in Table A 1.36.
Table A 1.35: Estimation of impacts for non-simulated accident types for Motorway ADF.

CARE accident type
Pedestrian

Hitting
parked
vehicles /
Accidents
with parked
vehicles
Single
vehicle
accidents

At least two
vehicles

Assumption for mature ADF
design principle

On pavement or
bicycle lane

ADF stays inside lane, i.e., not
possible to hit object on pavement
or bicycle lane: all accidents
involving ADF are prevented
Right (left) side of the ADF stays inside lane, i.e., not
road
possible to hit object outside lane
Left (right) side of the (FCD: 50% of acc.): all accidents
involving ADF are prevented
road
Very sudden situations, ADF
Opening doors
cannot avoid collision
ADF stays inside lane, i.e., runoffs only possible in very slippery
Leaving straight road
(non-weather related) conditions
- Either side of the
(GIDAS: 0.25% of acc.). All other
road
accidents involving ADF are
prevented.
ADF stays inside lane, i.e., runoffs only possible in very slippery
In a bend - Going
(non-weather related) conditions
either side of the road (GIDAS: 2% of acc.). All other
accidents involving ADF are
prevented.
On the road
Application of results from “Single
Including rollover
vehicle accident - leaving straight
road - either side of road” since no
Without obstacles other information was available.
Others
Head-on collision in
general
Opposite direction no
turning - Reversing

ADF brakes when another vehicle
is approaching from the opposite
direction (head-on/reversing) in

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

Share of
Risk for
target
ADF
accidents (%)
100

0

50

0

50

0

1

1

99.75

0

98

0

99.75

0

100

1

A 101

CARE accident type
Opposite direction no
turning - Others

Assumption for mature ADF
design principle

Share of
Risk for
target
ADF
accidents (%)

the same lane. ADF cannot avoid
collision.

Table A 1.36: Estimation of impacts for non-simulated accident types for Urban ADF.
CARE accident type
Pedestrian
On pavement or
bicycle lane
Hitting
parked
vehicles /
Accidents
with parked
vehicles

Right (left) side of the
road

Single
vehicle
accidents

Leaving straight road Either side of the road
In a bend - Going
either side of the road
On the road
Including rollover
In junctions or
entrances

Left (right) side of the
road
Opening doors

Assumption for mature ADF
design principle
ADF stays inside lane, i.e., not
possible to hit object on
pavement or bicycle lane: all
accidents involving ADF are
prevented
ADF stays inside lane, i.e., not
possible to hit object outside
lane (FCD: 50% of acc.): all
accidents involving ADF are
prevented
Very sudden situations, ADF
cannot avoid collision
ADF stays inside lane, i.e.,
run-offs only possible in very
slippery (non-weather related)
conditions (STATS19: 0.05%
of acc.). All other accidents
involving ADF are prevented.

Share of
target
accidents (%)

Risk for
ADF

100

0

50

0

50

0

1

1

99.95

0

7) Identification of expected changes per mechanism not covered above
In order to assess other expected changes for each relevant safety impact mechanism (M)
identified applicable for L3 automation in passenger cars, the impacts above needed to be
supplemented. The direct effects (M1 & M2) and those related to interaction (M5) were
mainly assumed to be covered by the results of safety simulations. The effects for indirect
mechanisms and for some direct non-simulated aspects were identified and estimated based
on national and in-depth accident data, L3Pilot results (e.g., mobility impact assessment and
L3Pilot supplementing studies), and findings from earlier studies (mainly simulator studies).
Table A 1.37 presents questions seen as relevant for L3 passenger cars used to support the
estimation of the effect of automated vehicles on behaviour of drivers, vehicles or road users
via relevant effect mechanisms. These effects and their safety implications were described
for each relevant mechanism. In addition, for each relevant mechanism, the direction and
size of the safety effect were estimated.
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Table A 1.37: Relevant research questions per mechanism.
Examples of relevant research questions in L3Pilot
M1

− What are the direct impacts of driving with ADF? / What are the direct impacts of differences in drive
behaviour of AV and human driver regarding e.g. car-following, target speed, used speed, lane
change behaviour or situation awareness?
− What is the difference in the accident risk related to single driving scenario between ADF driven car
and human driven car?
− What is the difference in the frequency of driving scenarios?
− What are the effects of take-over situations and minimal risk manoeuvres?

M2

Connectivity not relevant, infrastructure impacts covered by simulations.

M3

− What are the (long-term) impacts of change in driving skills?
− What are the (long-term) impacts of behavioural adaptation in drive behaviour of the users of AV
(when driving in non-AD mode)?
− Are there differences, e.g., in THW, speed and focus of attention? (Do these phenomena exist? In
which share of drivers? In short-term and/or in long-term? Size of impact?)
− What are the impacts of unintended use of AV (e.g., use of ADF when not fit to drive; being tired,
drunk, etc.; over-trusting the ADF)?

M4

− What are the impacts of the behavioural adaptation of the other road users (i.e. imitation of AV drive
behaviour)?
− Are there differences, e.g., in THW and speed? (Do these phenomena exist? In which share of
drivers? In short-term and/or in long-term? Size of impact?)

M5

− What are the impacts on interaction (communication, resolution of encounters) between the AV and
other road users (on links and in intersections)? E.g.,
• Between connected AVs
• Between connected AV and connected non-AV
• Between AV and non-connected vehicles
• Between AV and other road users

M6

− What are the impacts (via change in vehicle miles/kilometres travelled or hours travelled) on the
number of journeys, e.g., due to impact on comfort and ability to travel?
− What are the impacts on the length of journeys?

M7

− What are the impacts on use of different transport modes / transport mode share (e.g., due to impact
on costs, availability, attractiveness, ease-of-use or security of different modes)?

M8

− What are the impacts of AVs’ routes (road type, level of congestion) being different from those of the
baseline?

M9

− What are the impacts of the AV design being different from the baseline (outside design, inside
design, engine)?
− What are the impacts of AV including more passive safety systems than baseline?

A1.6.2 Results
A1.6.2.1 Scaled up results
The number of target accidents in EU27+3 (covering all road accidents with injuries) used as
reference values in safety scaling up is presented in Table A 1.38. In order to support our
calculations, the target accidents were calculated by severity and then further divided by ADF
type, including both the number of target accidents within the ODD requirements of the mature
ADF and the total number of target accidents within the relevant environment (motorway and
urban). The total number of injury accidents in EU27+3 by severity based on 2018 accident
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data was 23,778 road accidents with fatalities, 206,263 with serious injuries and 868,523 with
slight injuries.
Table A 1.38: Number of target accidents in EU27+3 by severity and by ADF type (based on
2018 accident data).
Motorway ADF
Severity of
accidents

Target
accidents
inside ODD

Slight
Serious

All injury
accidents

Urban ADF

Total

Target
accidents
inside ODD

Total

37,898

55,138

370,168

609,575

868,523

6,327

10,976

67,547

124,680

206,263

Fatal

982

1,874

4,368

9,298

23,778

Total

45,207

67,988

442,083

743,553

1,098,564

The following tables present the most common accident types for motorway ADF (Table A
1.39) and urban ADF (Table A 1.40) in terms of number of injury accidents inside ODD. For
each accident type this table includes the number of injury accidents inside ODD (covering
accidents with fatal, serious and/or slight injuries) and the basis for their effect estimation.
Some effects were estimated based on simulation results (potentially from several scenarios)
and some were based on assumptions done for non-simulated accident types.
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Table A 1.39: Most common accident types (with more than 2,000 injury accidents) inside
ODD, motorway ADF.

Accident type

1

Injury
accidents
inside ODD1

At least two vehicles - same
direction - rear end collisions

20,527

Single vehicle accident - Leaving
straight road - either side of the road

5,525

Single vehicle accidents with
obstacles - others

3,183

At least two vehicles - same
direction - side collision

2,729

At least two vehicles - others no
turning

2,362

Single vehicle accidents in a bend going either side of the road

2,336

Effect from
Simulation: P1 Rear-end
Conflict & P2 End of Traffic Jam
Conflict
Assumption: ADF avoids all
accidents except those occurring in
very slippery (non-weather related)
conditions (0.25%)
Simulation: N4 Obstacle in the Lane
Simulation: P3b Cut-In Conflict
(“Side-swipe”) & P4 Lane change
conflict
Simulation: P1 Rear-end Conflict, P2
End of Traffic Jam Conflict, P3a &
P3b Cut-In Conflict (Rear-end &
Side-swipe), P4 Lane change
conflict, N6 Motorway Entrance
(Passing), Assumption
Assumption: ADF avoids all
accidents except those occurring in
very slippery (non-weather related)
conditions (2%)

Total of accidents with fatal, serious and slight injuries.

Table A 1.40: Most common accident types (with more than 10,000 injury accidents) inside
ODD, urban ADF.

Accident type

Injury
accidents
inside ODD1

At least two vehicles – Same
direction – Rear-end collision

59,061

At least two vehicles – Crossing or
turning - Others

55,943
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Effect from
Simulation: AL Going straight:
Approaching lead object & AS Going
straight: approaching static object
Simulation: CVL0 Crossing: Vehicle
from left, going straight, CVR1
Crossing with vehicle from right
making left turn, RVL right Turn:
Vehicle from left, LVL1 Left turn:
Vehicle from left, LVR1 Left turn with
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object coming from right & LVR2 Left
turn with oncoming object

At least two vehicles - Crossing or
turning – Others
(accidents involving cyclists)

51,641

Pedestrian accident - Other

38,229

Pedestrian crossing street – No
turning of vehicle – Outside a
junction

25,832

Pedestrian crossing street – No
turning of vehicle – At a junction

15,584

At least two vehicles – Turning –
Same road – Same direction –
Turning right
At least two vehicles – Same road –
Opposite direction – Turning into
opposite roads
1

13,558

11,596

Simulation: CVR0_B Crossing:
Vehicle from right, going straight,
CVR1_B Crossing with vehicle from
right making left turn, RVL_B Right
Turn: Vehicle from left, LVL1_B Left
Turn: Vehicle from left & LVR1_B
Left turn with object coming from
right
Simulation: PL Going straight:
Pedestrian left, PR Going straight:
Pedestrian right, RPL2 Right Turn:
Pedestrian from left after nodal point,
RPR2 Right Turn: Pedestrian from
right after nodal point, LPL2 Left
Turn: Pedestrian from left after nodal
point, LPR2 Left Turn: Pedestrian
from right after nodal point, ASP
Pedestrian static, AL Going straight:
Approaching Lead Object &
Assumption
Simulation: PL Going straight:
Pedestrian left & PR Going straight:
Pedestrian right
Simulation: PL going straight:
Pedestrian left & PR going straight:
Pedestrian right
Simulation: AL Going straight:
Approaching lead object & CI Cut-in:
Left / right
Simulation: LVL1 Left turn: Vehicle
from left & LVR2 Left turn with
oncoming object

Total of accidents with fatal, serious and slight injuries.

Motorway ADF
The accident types in the CARE database were mapped with the simulated scenarios to
enable the identification of target accidents for each simulated driving scenario. Table A 1.41
presents the target accidents by severity for motorway ADF for each simulated driving
scenario. Driving scenarios with highest total number of target accidents are: ‘Rear-end
Conflict’, ‘End of Traffic Jam Conflict’ and ‘Obstacle in the Lane.’
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Table A 1.41: Number of target accidents by severity used in the calculations (simulated
driving scenarios and for those without simulated scenario), motorway ADF.

Scenario

1

Target accidents1
Fatal

Serious

Slight

Total

P1 Rear-end Conflict

179

1,610

10,115

11,904

P2 End of Traffic Jam Conflict

179

1,610

10,115

11,904

P3a Cut-In Conflict (Rear-end)

11

134

696

840

P3b Cut-In Conflict (Side-swipe)

24

302

1,573

1,899

P4 Lane Change Conflict

27

371

2,007

2,405

P5 VRU Conflict

121

87

135

343

N4 Obstacle in the Lane

127

487

3,923

4,536

N6 Motorway Entrance (Passing)

16

116

574

705

No simulated scenario
(Assumptions)

298

1,610

8,761

10,669

Sum across all accident types.

Table A 1.42 presents a summary of the values for the change in injury accident risk (∆𝐼),
frequency of driving scenario (∆𝑓), and severity proportion (∆i) for each simulated driving
scenario. The injury accident risk was estimated to have a slight increase for the driving
scenario ‘P4 Lane Change Conflict’ and for the driving scenario ‘P5 VRU Conflict’ with all
simulated penetration rates. The other driving scenarios and penetration rates had a
decrease in the injury accident risk.
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Table A 1.42: Summary of delta values used in the scaling up for each simulated driving
scenario by penetration rate, motorway ADF (∆𝐼 = Change in total injury accident risk, ∆𝑓 =
Change in the frequency of driving scenario, ∆i = Change in the severity proportion). The
value for all deltas is 1.00 for 0% change, 0.95 for -5% change, 1.05 for +5% change, etc.
Accident risk ratio
(ΔI)
Scenario
(PR 5% / 10% /
30%)

1

Frequency ratio
(Δf)
(PR 5% / 10% /
30%)

Severity proportion ratio (Δi)
(PR 5% / 10% / 30%)
Fatal

Serious

P1

0.957 / 0.910 / 0.754

0.985 / 0.950 / 0.844 1.000 / 1.000 / 1.000

1.000 / 1.000 / 1.000

P2

0.950 / 0.900 / 0.700

No change expected 1.000 / 1.000 / 1.000

1.000 / 1.000 / 1.000

P3a

0.961 / 0.920 / 0.810

1.015 / 0.984 / 0.860 0.977 / 0.953 / 0.889

0.987 / 0.973 / 0.936

P3b

1.000 / 1.000 / 1.000

1.015 / 0.984 / 0.8601 1.000 / 1.000 / 1.000

1.000 / 1.000 / 1.000

P4

1.003 / 1.014 / 1.068

1.007 / 1.010 / 0.886 0.998 / 1.006 / 1.026

1.010 / 1.013 / 1.030

P5

1.009 / 1.028 / 1.010

No change expected 0.985 / 0.964 / 0.877

1.060 / 1.122 / 1.401

N4

0.976 / 0.949 / 0.850

No change expected 0.993 / 0.994 / 0.953

1.001 / 1.003 / 1.030

N6

0.968 / 0.944 / 0.797

No change expected 0.994 / 0.972 / 0.834

0.994 / 0.981 / 0.951

Value is 1 for some accident types.

The frequency of driving scenarios cut-in (P3a & P3b) and lane-change (P4) had a small
increase in the treatment simulations of smallest penetration rates compared to the baseline
simulation. For the rest of the scenarios, simulation indicated a decrease for their frequency
(larger penetration rates and ‘P1 Rear-end Conflict’). The frequencies decreased for more
than 10% with penetration rate 30%. However, it must be acknowledged that the dynamics of
simulated traffic flow might not always reflect full reality for all driving scenarios. Thus, the
changes in traffic scenario frequencies are an area for future research.
The proportion of fatal accidents either decreased or was considered unchanged for all
simulated driving scenarios except ‘P4 Lane change,’ where a small increase was expected
for penetration rates 10% and 30%. In ‘P3a Cut-In Conflict (Rear-end)’ and ‘N6 Motorway
Entrance (Passing)’ scenarios the proportion of serious accidents also decreased. Thus,
there was a clear tendency toward accidents with less severe consequences.
For motorway traffic, the number of new accidents caused by (partial or full) minimal risk
manoeuvre and wrong activation of ADF were estimated separately with the equation
presented within step five in chapter 1.6.2 of this Annex. The accident rates used in the
calculations are presented inTable A 1.43. As no data were available on their frequency, the
estimate was based on their assumed frequency. The assumed frequencies were once in
1,000 km for the MRM and once in 10,000 km for wrong activation. For processing of the
safety impact for these scenarios, simulation results had to be combined for similar scenarios
to avoid division by zero. This was done for two- and three-lane scenarios with the same
speed limit and traffic volume class and for 130 km/h and 140 km/h speed limits.
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The figures below show the impact with other frequency assumptions.
Table A 1.43: Summary of values used in the scaling up for simulated driving scenarios ‘N1
(partial or full) minimal risk manouvre’ (frequency once in 1,000 km) and ‘N2 Wrong
activation’ (frequency once in 10,000 km), motorway ADF.
Scenario
N1
8.88 * 10-8

Injury accident rate of target accidents (TR)
Change in injury accident rate (ΔIR)

2.460 / 2.386 / 2.711

(PR 5% / 10% / 30%)
VKT driven under influence of this driving scenario
(PR 5% / 10% / 30%)
Fatal
Proportion of
accidents by
severity

N2

(PR 5% / 10% / 30%)
Serious
(PR 5% / 10% / 30%)

1.635 / 1.740 / 3.027

3,022,835 / 6,045,670 / 18,137,011

0.026 / 0.025 / 0.020

0.028 / 0.022 / 0.025

0.219 / 0.224 / 0.238

0.183 / 0.181 / 0.197

The yearly number of new accidents caused by ‘N1 (partial or full) minimal risk manoeuvre’ is
presented below as a function of their frequency (Figure A 1.39for 5% penetration rate,
Figure A 1.40 for 10% penetration rate and Figure A 1.41 for 30% penetration rate).

Number of accidents per
year

0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
0

20000

40000

60000

80000

100000

Frequency of (partial or full) MRM, 5% PR (once in x km)
Slight

Severe

Fatal

Figure A 1.39: Number of new accidents caused by ‘N1 (partial or full) minimal risk
manoeuvre’ as a function of their frequency for 5% penetration rate.
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Number of accidents per
year
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Figure A 1.40: Number of new accidents caused by ‘N1 (partial or full) minimal risk
manoeuvre’ as a function of their frequency for 10% penetration rate.
Number of accidents per
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Figure A 1.41: Number of new accidents caused by ‘N1 (partial or full) minimal risk
manoeuvre’ as a function of their frequency for 30% penetration rate.
The yearly number of new accidents caused by ‘N2 wrong activation’ is presented below as a
function of their frequency (Figure A 1.42 for 5% penetration rate, Figure A 1.43 for 10%
penetration rate and Figure A 1.44 for 30% penetration rate).
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Number of accidents per year
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Number of accidents per year

Figure A 1.42: Number of new accidents caused by ‘N2 wrong activation’ as a function of
their frequency for 5% penetration rate.
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Figure A 1.43: Number of new accidents caused by ‘N2 wrong activation’ as a function of
their frequency for 10% penetration rate.
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Figure A 1.44: Number of new accidents caused by ‘N2 wrong activation’ as a function of their
frequency for 30% penetration rate.
The estimated change in the annual number of road accidents considering 2018 accident
data is presented in Table A 1.44 by scenario (including simulated driving scenarios and
those where simulations were not used). The estimates are presented by severity and by
penetration rate. The colours in the table have the following meanings: i) green indicates a
reduction in the number of road accidents, and ii) red indicates an increase in the number of
road accidents. For motorway ADF, the largest number of prevented accidents results from
scenarios ‘P1 Rear-end Conflict’ and ‘P2 End of Traffic Jam Conflict.’ With this assessment
approach, there are some small increases in accident numbers, especially in lower
severities.
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Table A 1.44: Change in the annual number of road accidents with different severities by
penetration rate and by scenario (simulated driving scenarios and those without simulated
scenario) in EU27+3, motorway ADF.
Change in the annual number of current road accidents
with fatalities

with serious
injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%

10% 30%

5%

10%

30%

5%

10%

30%

P1 Rear-end Conflict

-10

-24

-65

-93

-218

-585

-585

-1,367

-3,675

P2 End of Traffic Jam
Conflict

-9

-18

-54

-81

-161

-483

-506

-1,012

-3,035

P3a Cut-In Conflict
(Rear-end)

0

-1

-4

-5

-16

-47

-15

-62

-204

P3b Cut-In Conflict
(Side-swipe)

0

0

-2

+4

-4

-33

+20

-21

-185

P4 Lane Change
Conflict

0

+1

-1

+7

+14

-10

+17

+43

-119

P5 VRU Conflict

-1

-1

-14

+6

+13

+36

-2

-3

-19

N1 (Partial or full)
MRM

0

0

+1

+1

+2

+7

+3

+6

+20

N2 Wrong activation

0

0

0

0

0

+1

0

0

+3

N4 Obstacle in the
Lane

-4

-7

-24

-11

-23

-61

-94

-200

-595

N6 Motorway Entrance
(Passing)

-1

-1

-5

-4

-8

-28

-17

-30

-110

No simulated scenario
(Assumptions)

-13

-26

-77

-76

-152

-455

-421

-842

-2,525

Scenario

The estimated change in the annual number and share of road accidents using 2018
accident data is presented in Table A 1.45 by severity and by penetration rate. The results
show a decrease in number of accidents for all penetration rates. The proportion of
prevented target accidents was from 3.8–4.2% for 5% penetration rate to 25.1–27.6% for
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30% penetration rate, depending on severity. The corresponding proportions are from 2.0%–
2.9% to 13.1–19.0% from all motorway accidents, and from 0.1–0.2% to 0.8–1.2% of all road
accidents.
Table A 1.45: Change in the annual number and share of road accidents with different
severities by penetration rate in EU27+3, motorway ADF.
Change in the annual number of current road accidents
Penetration
rate

5%

10%

30%
1

with fatalities
N

Share (%)1

-37

-3.8% /
-2.0% /
-0.2%

-78

-7.9% /
-4.2% /
-0.3%

-246

-25.1% /
-13.1% /
-1.0%

with serious injuries
N

Share (%)1

-253

-4.0% /
-2.3% /
-0.1%

-555

-8.8% /
-5.1% /
-0.3%

-1,665

-26.3% /
-15.2% /
-0.8%

with slight injuries
N

Share (%)1

-1,604

-4.2% /
-2.9% /
-0.2%

-3,492

-9.2% /
-6.3% /
-0.4%

-10,467

-27.6% /
-19.0% /
-1.2%

Share of target accidents inside ODD / of all motorway accidents / of all road accidents.

Urban ADF
Table A 1.46 presents the target accidents by severity for urban ADF for each simulated
driving scenario. Driving scenarios with the highest total number of target accidents are:
‘Laterally moving pedestrian from right,’ ‘Laterally moving pedestrian from left’ and
‘Approaching a pedestrian stationary in road’ for scenarios involving pedestrians, ‘Crossing
with vehicle from right’ for scenarios involving cyclists and ‘Crossing with vehicle from left
going straight,’ ‘Approaching a static object’ and ‘Approaching a leading object’ for scenarios
involving at least two vehicles.
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Table A 1.46: Number of target accidents by severity for each simulated driving scenario,
urban ADF.
Scenarios

Fatal

Target accidents1
Serious
Slight

Total

involving pedestrians
LPR Left turn with pedestrian
crossing from right
LPL Left turn with pedestrian
crossing from left
RPR Right turn with pedestrian
crossing from right
RPL Right turn with pedestrian
crossing from left
ASP Approaching a pedestrian
stationary in road
PL Laterally moving pedestrian from
left
PR Laterally moving pedestrian from
right

31

322

1,248

1,601

31

322

1,248

1,601

30

306

1,324

1,660

30

306

1,324

1,660

444

6,354

25,495

32,292

770

7,720

28,168

36,659

770

7,720

28,168

36,659

21

469

2,346

2,837

22

592

2,880

3,494

49

1,606

6,648

8,303

9

592

1,660

2,260

305

7,225

35,595

43,125

3

75

403

481

1

99

337

436

16

515

3,949

4,480

19

604

4,177

4,800

75

1,946

12,340

14,361

45

814

6,242

7,100

3

103

677

783

17

249

1,250

1,516

167
138
415
183
160
614

7,905
3,263
6,026
5,349
1,713
5,353

49,007
23,596
49,323
45,522
7,807
29,434

57,079
26,996
55,764
51,054
9,680
35,401

involving cyclists
RVLB Right turn with vehicle coming
from left
LVR1B Left turn with object coming
from right
LVR2B Left turn with vehicle coming
from right
LVL1B Left turn with vehicle coming
from left
CVR0B Crossing with vehicle from
right
CVR1B Crossing with vehicle from
right turning left
COB Crossing with oncoming vehicle
(turning across path)

involving another vehicle
RVL Right Turn: Vehicle from left
LVR1Left turn with object coming
from right
LVR2 Left turn with vehicle coming
from right
LVL1 Left turn with vehicle coming
from left
CVR1 Crossing with vehicle from
right turning left
CO Crossing with oncoming vehicle
(turning across path)
CVL0 Crossing with vehicle from left
going straight
CI Cut-In by another vehicle
AS Approaching a static object
AL Approaching a leading object
OV Oncoming vehicle
No simulated scenario (Assumptions)
1
Sum across all accident types.
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?

Table A 1.47 presents a summary of the values for the ratio of injury accident risk ( ,-,./,0,*12 )
?,-,./,0,3

'),0,*12

and severity proportion (

'),0,3

) between ADF driven and manually driven vehicle for each

simulated driving scenario. In this table, the simulation outcome where the ADF driven
vehicle did not have any accidents, is seen as accident risk ratio 0.000 and no change in
severity proportions (1.000). The total injury accident risk of ADF driven vehicles was
considerably smaller than for the manual ones (ratio 0.528 or less).
Table A 1.47: Summary of values used in the scaling up for each simulated driving scenario
?

by penetration rate, urban ADF ( ,-,./,0,*12
= Ratio of total injury accident risk between ADF
?
,-,./,0,3

driven and manually driven vehicles,

Scenario

'),0,*12
'),0,3

= Ratio of the severity proportions between them).

Accident risk ratio
?
( ,-,./,0,*12
)
?
,-,./,0,3

'

Severity proportion ratio ( ),0,*12
)
'
),0,3

Fatal

Serious

involving pedestrians
LPR Left turn with pedestrian
crossing from right

0.000

1.000

1.000

LPL Left turn with pedestrian
crossing from left

0.038

0.619

0.512

RPR Right turn with
pedestrian crossing from right

0.468

0.679

0.665

RPL Right turn with
pedestrian crossing from left

0.000

1.000

1.000

ASP Approaching a
pedestrian stationary in road

0.440

0.940

0.949

PL Laterally moving
pedestrian from left

0.090

0.496

0.609

PR Laterally moving
pedestrian from right

0.050

0.375

0.393

RVLB Right turn with vehicle
coming from left

0.000

1.000

1.000

LVR1B Left turn with object
coming from right

0.100

0.451

0.528

LVR2B Left turn with vehicle
coming from right

0.139

1.044

1.137

LVL1B Left turn with vehicle
coming from left

0.186

0.512

0.618

CVR0B Crossing with vehicle
from right

0.167

0.517

0.780

involving cyclists
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CVR1B Crossing with vehicle
from right turning left

0.460

0.945

0.790

COB Crossing with oncoming
vehicle (turning across path)

0.238

0.871

0.898

RVL Right Turn: Vehicle from
left

0.000

1.000

1.000

LVR1Left turn with object
coming from right

0.000

1.000

1.000

LVR2 Left turn with vehicle
coming from right

0.009

0.309

0.622

LVL1 Left turn with vehicle
coming from left

0.270

1.418

1.081

CVR1 Crossing with vehicle
from right turning left

0.528

1.362

1.141

CO Crossing with oncoming
vehicle (turning across path)

0.000

1.000

1.000

CVL0 Crossing with vehicle
from left going straight

0.244

0.997

0.917

CI Cut-In by another vehicle

0.279

1.454

1.258

AS Approaching a static
object

0.435

0.967

0.971

AL Approaching a leading
object

0.104

0.835

0.946

OV Oncoming vehicle

0.000

1.000

1.000

involving another vehicle

The estimated change in the annual number of road accidents based on 2018 accident data
is presented by scenario in Table A 1.48 for urban ADF. The estimates are presented by
severity and by penetration rate. The green colour indicates a reduction in the number of
road accidents. The largest number of prevented accidents results from scenarios ‘AL
Approaching a leading object’ and ‘CVL0 Crossing with vehicle from left going straight’. This
is partly due to these scenarios being linked to several accident types (see Table A 1.34).
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Table A 1.48: Change in the annual number of road accidents with different severities by
penetration rate and by scenario (simulated driving scenarios and those without simulated
scenario) in EU27+3, urban ADF.
Change in the annual number of current road accidents
Scenario

with fatalities

with serious injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%
involving pedestrians
LPR Left turn with
pedestrian crossing
from right
LPL Left turn with
pedestrian crossing
from left
RPR Right turn with
pedestrian crossing
from right
RPL Right turn with
pedestrian crossing
from left
ASP Approaching a
pedestrian stationary
in road
PL Laterally moving
pedestrian from left
PR Laterally moving
pedestrian from right
involving cyclists
RVLB Right turn with
vehicle coming from
left
LVR1B Left turn with
object coming from
right
LVR2B Left turn with
vehicle coming from
right
LVL1B Left turn with
vehicle coming from
left
CVR0B Crossing with
vehicle from right
CVR1B Crossing with
vehicle from right
turning left
COB Crossing with
oncoming vehicle
(turning across path)
involving another vehicle

10% 30% 5%

10%

30%

5%

10%

30%

-2

-3

-9

-16

-32

-97

-62

-125

-374

-2

-3

-9

-16

-32

-95

-60

-119

-358

-1

-2

-6

-11

-21

-63

-33

-65

-195

-1

-3

-9

-15

-31

-92

-66

-132

-397

-13

-26

-78

-185

-370

-1,111

-707

-1,413

-4,240

-37

-74

-221

-365

-730

-2,189

-1,267

-2,533

-7,600

-38

-76

-227

-378

-757

-2,271

-1,326

-2,652

-7,955

-1

-2

-6

-23

-47

-141

-117

-235

-704

-1

-2

-6

-28

-56

-168

-128

-256

-768

-2

-4

-13

-68

-135

-406

-288

-576

-1,727

0

-1

-2

-26

-52

-157

-65

-131

-393

-14

-28

-83

-314

-628

-1,885

-1,468

-2,936

-8,807

0

0

-1

-2

-5

-14

-11

-21

-63

0

0

0

-4

-8

-23

-13

-25

-76
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Change in the annual number of current road accidents
Scenario

with fatalities

with serious injuries

with slight injuries

Penetration rate

Penetration rate

Penetration rate

5%
RVL Right Turn:
Vehicle from left
LVR1Left turn with
object coming from
right
LVR2 Left turn with
vehicle coming from
right
LVL1 Left turn with
vehicle coming from
left
CVR1 Crossing with
vehicle from right
turning left
CO Crossing with
oncoming vehicle
(turning across path)
CVL0 Crossing with
vehicle from left going
straight
CI Cut-In by another
vehicle
AS Approaching a
static object
AL Approaching a
leading object
OV Oncoming vehicle
No simulated scenario
(Assumptions)

10% 30% 5%

10%

30%

5%

10%

30%

-1

-2

-5

-26

-51

-154

-197

-395

-1,185

-1

-2

-6

-30

-60

-181

-209

-418

-1,253

-4

-7

-22

-97

-193

-580

-611

-1,222

-3,665

-1

-3

-8

-29

-58

-173

-229

-458

-1373

0

0

0

-2

-4

-12

-16

-33

-98

-1

-2

-5

-12

-25

-75

-63

-125

-375

-6

-13

-38

-307

-613

-1,840

-1,844

-3,687

-11,061

-4

-8

-25

-106

-212

-636

-864

-1,727

-5,182

-12

-24

-72

-174

-348

-1,045

-1,389

-2,778

-8,335

-8

-17

-50

-241

-482

-1,446

-2,037

-4,073

-12,220

-8

-16

-48

-86

-171

-514

-390

-781

-2,342

-30

-60

-179

-244

-488

-1,463

-1,271

-2,543

-7,629

The estimated change in the annual number and share of road accidents considering 2018
accident data is presented in Table A 1.49 by severity and by penetration rate for urban ADF.
The results show a decrease in number of accidents for all penetration rates. The proportion
of prevented target accidents for urban ADF was from 4.0–4.3% for 5% penetration rate to
23.9–25.9% for 30% penetration rate depending on severity. The corresponding proportions
are from 2.0%–2.4% to 12.2–14.5% from all urban accidents, and from 0.8–1.7% to 4.8–
10.2% of all road accidents.
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Table A 1.49: Number and share of road accidents with different severities prevented
annually by penetration rate in EU27+3, urban ADF.
Change in the annual number of current road accidents
Penetration
rate

with fatalities
N

1

5%

-188

10%

-377

30%

-1,130

Share1
-4.3% /
-2.0% /
-0.8%
-8.6% /
-4.1% /
-1.6%
-25.9% /
-12.2% /
-4.8%

with serious injuries
N
-2,805

-5,611

-16,833

with slight injuries

Share1
-4.2% /
-2.3% /
-1.4%
-8.3% /
-4.5% /
-2.7%
-24.9% /
-13.5% /
-8.2%

N
-14,730

-29,459

-88,377

Share1
-4.0% /
-2.4% /
-1.7%
-8.0% /
-4.8% /
-3.4%
-23.9% /
-14.5% /
-10.2%

Share of target accidents inside ODD / of all urban accidents / of all road accidents.

A1.6.2.2 Results of other expected changes per impact mechanism
This section presents a summary of the ADFs’ effects by mechanisms based on previous
research (presented below) and L3Pilot results to supplement the results on direct effects
presented in previous chapter.
Assumptions made for mature ADFs are also applicable here.
Mechanism 1: Direct modification of the driving task, drive behaviour or travel
experience
The direct impacts of driving with ADF were mainly identified based on the L3Pilot simulation
results (Annexes 1.3–1.4). Some of the effects were estimated based on in-depth data on
accidents and detailed traffic data, literature and knowledge of ADF behaviour and its relation
to the characteristics of the target accidents and traffic scenarios.
Aspects that couldn’t be covered in simulations are take-over situations and minimal risk
manoeuvres and hence they were addressed in this literature review. However, no relevant
findings were found related to minimal risk manoeuvres.
Take-over situations
The direct effects of take-over situations were estimated mainly based on existing simulator
studies.
The findings from a simulator study by Vogelpohl, Kühn, Hummel and Vollrath (2019)
showed that during automated driving (L3), fatigue is experienced much earlier and at higher
levels than in manual driving. Furthermore, the results showed that 30% of the sleep-
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deprived drivers took considerably longer (around 5–8 s) to deactivate the automation when
requested compared to drivers with a long, monotonous automated drive (less than 5 s).
The engagement in non-driving related activities (NDRAs) has not been found to have an
impact on take-over time but it has shown to deteriorate take-over quality in terms of
deviation from lane centre and average lateral acceleration (Zeeb, Buchner and Schrauf,
2016). This is in line with another study suggesting that drivers’ take-over performance was
significantly influenced by the type of non-driving tasks; mainly when drivers were engaged in
low cognitive tasks, take-over performance was impaired (Wan and Wu, 2018). In addition,
engagement in an additional NDRA during automation resulted in poorer performance in a
lane-changing task after automation failure, compared to a similar situation involving only
one NDRA (Louw et al., 2019). Furthermore, Merat et al. (2012) found that while performing
a distracting secondary task (both the drivers of manually driven vehicles and AVs), the
drivers slowed down more in continuous manual driving than after deactivation of ADF, when
faced with a critical incident. The meta-analysis of de Winter et al. (2014) showed that
automated driving (where the driver can release the hands from the steering wheel and is no
longer required to permanently monitor the road, though they may reclaim manual control
occasionally) can result in better situation awareness compared to manual driving if drivers
allocate their attention to objects in the environment. However, if drivers are engaged in
NDRAs, their situation awareness deteriorates compared to manual driving.
Field test data suggested that driver disengagement with the automated vehicle (in practice
take-over request) could significantly extend drivers’ perception-reaction time to take over.
Drivers could take over within 0.5 s most of the time and take-over time is significantly shorter
on the local road than on the freeway (Wang and Li, 2019b).
Drivers have shorter response times and better manoeuvring performances when they
expect to resume manual control (e.g., known automation limitation) compared to situations
when they do not expect a transfer (e.g., unexpected situations) (Spulber and Golembiewski,
2016). For example, a simulator study by Wan and Wu (2018) found that a take-over request
given 10–60 s before led to greater minimum time-to-collision, and lower lateral acceleration
than other lead times (3 or 6 s). Furthermore, the accident rate was significantly higher at 3 s
than other lead times, meaning that the take-over request was given too late (Wan and Wu,
2018). A test-track study by Pipkorn et al. (2021) showed that after automation, drivers
started their steering manoeuvre earlier to pass a simulated road-work zone compared to the
drivers of manual vehicles. In this study, the drivers had time to put their hands on the
steering wheel and deactivate automation before the conflict appeared. Regarding
unexpected situations (e.g., potential collisions), the drivers (after deactivation of ADF) were
slower to identify the potential collision scenario than in manual driving (Louw et al., 2015a).
Once identified, the collision was avoided (via lane change) faster and more unsteadily than
during manual driving. Another study by Louw et al. (2015b) found that drivers’ response to a
potential collision scenario was less controlled and more aggressive (higher maximum
deceleration) immediately after the transition, compared to manual driving.
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Reaction times in transitions to automated driving followed the power law of learning (a steep
initial increase with subsequent stabilization of performance in skill acquisition), but learning
was not observed for transitions to manual driving (Forster et al., 2019). It must be noted that
these findings were based on a moving-base driving simulator study, where participants
completed the drive on a three-lane highway with low to medium traffic density during one
hour. Zhou et al.’s (2021) study, using a test track where participants were provided
explanations of the ADF limitations during the experiment lasting 1.5 h, suggested that
drivers’ knowledge regarding system limitations influenced takeover performance and this
information is critical for ensuring the safety of vehicles equipped with Level 3 automation.
Zhou et al. (2021) corroborate with the findings from Spulber and Golembiewski (2016)
suggesting that response times and performance were better when drivers expect to resume
manual control, such as by knowing automation limitations. However, Zhou et al. (2021)
suggested no learning effects, which contradicts Forster et al. (2019).
A driving simulator study by Melnicuk et al. (2021) investigated the impact of cognitive load
on drivers’ physiological state and driving performance during the transition from automated
driving to manual control using SAE Level 3 for a motorway scenario. This study provided 10
s to the drivers for the transition of control. The results suggested that when subject to higher
cognitive load during automated driving, drivers’ mean and STD of lane position impairments
took longer than after low cognitive load to stabilise following the transition to manual driving.
Specifically, it took up to 22 s for driving performance to normalise after a TOR and 20 s for
lateral vehicle control to stabilise after completion of take-over (Melnicuk et al., 2021). This
finding contradicts Wan and Wu (2018), who found that take-over performance was impaired
when drivers were engaged in low cognitive tasks. In addition, the drivers’ workload during
the automated drive was found to increase the mean speed during manual driving (lasting 60
s) and drivers followed 5 m closer to the car in front after higher workload than after low
workload (Melnicuk et al., 2021).
Mechanism 2: Direct influence by physical and/or digital infrastructure
Direct effects of physical and/or digital infrastructure are covered in L3Pilot simulations
(chapter 4.3.1) and thus included with results of mechanism 1. Connectivity was not
considered relevant in L3Pilot, as the scenarios include only non-connected vehicles.
Mechanism 3: Indirect modification of AV user behaviour (e.g., driving outside ODD in
non-AD mode)
The effects of indirect modification of AV user behaviour were estimated based on the
following additional assumptions to the mature ADF descriptions:
−

The situations when drivers are required to take control of the vehicle may be
typically more challenging than normal driving, and hence require a greater level of
skills than during ‘normal driving’.

−

Drive behaviour of ADF can influence drivers’ manual driving when outside ODD
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(Long-term) effects of changes in driving skills
Driving skills are still essential since L3 ADFs only operate in some environments and
conditions and the drivers are responsible for driving the vehicle at other times. The
situations where drivers are required to take control of the vehicle cover more challenging
conditions, such as rural roads, poor weather conditions and road works, and hence require
a greater level of skills than manual driving in normal conditions.
The driver capability highlighted for L3 driving is ‘Context switching.’ This describes the ability
to resume control of the vehicle, which at L3 ADFs might occur at short notice. This
potentially risky shift in context between automated and manual control represents a peak in
the requirement for this skill.
Trösterer et al. (2016) found, based on an online survey, that initial skilling is more important
than de-skilling after long periods of driving inactivity. They argued that once acquired,
driving skills seem to remain stable after longer periods of non-driving. This finding puts
emphasis on driver training and sufficient manual driving experience also for L3 automated
driving so that drivers are able to react properly when needing to drive themselves.
(Long-term) effects of changes in behavioural adaptation in drive behaviour of the users of
AV (when driving in non-AD mode)
There is generally very little information available on potential changes in driver behaviour.
A driving simulator study by Calvi et al. (2020) assessed the effects of automation on drivers
by focusing on car-following manoeuvres and suggested that drivers who previously
experienced driving automation showed more dangerous behaviour. Results showed a
higher percentage of drivers who did not apply the brakes and headed into the overtaking
lane after the automated drive than in the full manual drive. On the other hand, drivers'
preferences could also affect how the ADF impacts driver behaviour after exposure to
automation. For drivers who already had experience with AD, those who preferred to brake
adopted careful behaviour during the braking manoeuvre to avoid a collision, while those
who decided to overtake the braking vehicle did not change their behavior during overtaking
(Calvi et al., 2020).
There are few studies investigating how exposure to automated driving can influence drivers’
THW during car-following situations. A driving simulator study conducted as part of the
L3Pilot project assessed whether exposure to automated car-following THWs of 1.5 s
changed drivers’ adopted THW in a subsequent manual car-following situation, compared to
their initial THW in manual driving before automation was experienced (Louw et al., 2020).
The results of Louw et al. (2020) suggested that drivers significantly reduced their time
headway (average of 2.7 s) in all post-automation drives, compared to a baseline manual
drive (average of 3.78 s).
The results from a BMW internal Field Operational Test (FOT) showed that drivers slightly
increased their following THW in manual driving after being exposed to ACC for 6−10 weeks;
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see Figure A 1.45. In particular, those drivers increased their THW in car following situations
that started in the first week with low THWs (THW < 1.5 s). Thus, the two reported studies do
not show a consistent picture, which emphasizes that more research on the long-term effects
of ADF is needed.

Figure A 1.45: THW during manual driving in BMW internal FOT over time (gray: individual
drivers, red: average).
(Long-term) effects of unintended use of AV (e.g., use of ADF when not fit to drive; being
tired, drunk, etc.; over-trusting the ADF)
There are currently no research findings available on whether people would drive more when
fatigued or intoxicated with AV available compared to having a manually driven car.
However, the results from a simulator study (Kaduk et al., 2020) showed that the driving
performance (measured by lane position, steering wheel angle, vehicle heading angle,
vehicle longitudinal speed and general driving performance) significantly decreased after the
automated phase (compared to the manual driving before automation) and this effect was
more profound at night. Specifically, drivers indicated in a they were sleepier and more
fatigued after the automated phase, and their mental workload was lower (i.e., not being fully
aware of the situation). These results suggest that manual driving performance could
deteriorate after the automation phase.
A Swedish test-track study (Metz et al., 2021) investigated the influence of automation and
impairment (via intoxication) on driver sleepiness. The results showed that self-reported
sleepiness increased slightly during a 30-minute drive with L3 automation. The results of
another study showed that the self-reported sleepiness was slightly higher at the start of the
intoxicated drive compared to the start of a sober drive. However, the increase in the
sleepiness during the drive (65 min) was similar in the sober and intoxicated drivers (with a
slightly larger standard deviation observed in the intoxicated state).
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Mechanism 4: Indirect modification of non-user behaviour (i.e., manual drivers in
traffic flow including AVs)
Regarding the impact of AVs in mixed traffic, the results of a test-track experiment by
Mahdinia et al. (2021) showed that AVs in mixed traffic can induce behavioural changes in
manual vehicle (MV) drivers. Specifically, MVs following AVs had lower volatility of speed
and acceleration, indicating smoother driving behaviour. Furthermore, a notable increase in
time-to-collision (TTC) was observed due to lower speed differences between leading and
following vehicles.
Mechanism 5: Modification of interaction between AVs and other road users
The modification of interaction between AVs and other road users is covered to a large
extent by the L3Pilot simulations (chapters 4.3.1 and Annex 1.3.2.3), at least to the degree
that the driver models in the simulations are able to capture the interaction. Those results are
applicable to situations where any identified changes in the behaviour of the surrounding
traffic (e.g., larger headways, speed changes) are due to the drive behaviour of the AV and
not due to its appearance. However, some additional changes in the behaviour of other road
users may occur if they recognise that the other vehicle is automated. For example, Josten et
al. (2019) conducted a video-based study to assess whether drivers see automation as a
relevant aspect of interaction behaviour by comparing expectations toward automated
vehicles and human-driven vehicles in interaction situations. Their findings showed that
drivers expected AV to show less aggressive, more safety-oriented drive behaviour, resulting
in lower probability for performing an action that increases the risk of collision than human
driven vehicles.
Mechanism 6: Modification of exposure / amount of travel
Automated driving can make travelling more comfortable in many situations, such as when
driving on long trips, in traffic jams, or when fatigued. The possibility to engage in non-driving
related activities while travelling in automated mode enables using travel time for leisure or
work activities. These changes are likely to decrease the value of travel time in automated
driving, which in turn is likely to increase the kilometres travelled by car. Users of L3 AVs
may choose destinations farther away for their activities or they may start driving new trips by
car.
Mechanism 7: Modification of modal choice
Decreased value of travel time in automated driving (see Mechanism 6) means that travellers
are more likely to use cars instead of other modes. Survey-based results indicated that
higher willingness to use L3 AVs predicted higher expectation to decrease the use of public
transport and active travel (Lehtonen et al., 2021). The intention to use L3 AVs was also
stronger among multimodal travellers who are currently actively using public transport and
active travel modes.
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Mechanism 8: Modification of route choice
Nine out of ten respondents in the surveys and in the pilot site user questionnaire indicated
that they could be willing to accept somewhat longer travel times for a slightly longer route
within the ODD if they could avoid driving themselves. Similarly, several respondents said
that they could be willing to accept somewhat longer travel times to travel during congestion
if they would not need to drive themselves. This means that drivers may be willing to modify
their routes to roads inside the ODD, such as motorways, to be able to use AVs.
Mechanism 9: Modification of consequences due to different vehicle design
In L3Pilot, no differences in vehicle design between MVs and AVs were expected.
Furthermore, we do not assume any differences in the number of passive safety systems
between MVs and AVs. Thus, no effect on safety is assumed due to mechanism 9.
Limitations
Regarding the literature search, it is worth noting some limitations. Long-term effects of
changes in driving skills and behavioural adaptation are uncertain as there is currently no
reliable data available on those changes. Besides, literature results are often based on
assumptions that do not rely on real-world data and are dependent on the designed
scenarios. Potential observed changes in a controlled environment are usually explored after
automated driving experiments that are short in time and involve few repetitions. Through the
literature search, major limitations were identified and are synthesized below.
−

Most studies have been conducted in strictly controlled research environments, such
as driving simulators and test tracks.

−

Driving simulator studies and other simulation-based studies are highly sensitive to
driving behaviour model parameters and assumptions about automated vehicles and
scenarios.

−

Many variables and uncertainties need to be considered while modelling effects on
traffic and vehicle level and behaviour level to be able to draw accurate conclusions.

−

It is difficult to compare studies, as often they are centred on applying different
automation levels and definitions (e.g., “highly” automated, “fully” automated).

−

Projections for AVs’ market penetration are uncertain and often vary greatly with the
scenarios adopted, which can limit research findings to be only valid for specific
conditions.

Summary
The summary of safety effects of automated vehicles per mechanism is provided in Table A
1.50. Based on this analysis the automated vehicles are estimated to have a direct positive
effect on safety. However, the indirect effects are estimated to be both negative and positive.
The conducted analysis is rather qualitative in nature. The original aim was to conduct more
quantitative assessment of safety effects per mechanism. However, this was not feasible due
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to several limitations related to the literature search (mentioned above) and the amount of
available relevant literature.
Table A 1.50: Summary of safety effects of AVs per mechanism. Positive effect refers to
decrease in number of accidents and negative effect refers to increase in number of
accidents.

Description of effect
M1

M2
M3

M4

− Based on scaled-up L3Pilot results the
overall number of road accidents is
expected to decrease due to automation for
all ADF penetration rates
− Fatigue is potentially experienced earlier
and at higher levels during automated
driving compared to manual driving à
slower taking back control times after takeover requests
− Engagement in NDRAs deteriorates
takeover quality, causes poorer driving
performance, and lowers situational
awareness compared to manual driving.
− In unexpected take-over situations, drivers
are slower to identify potential collision
scenario during automated driving than in
manual driving.
− Connectivity not relevant
− Infrastructure impacts covered by
simulations
Hardly any studies on long-term effects exist.
− De-skilling of driving skills can occur after
long periods of driving inactivity
− Potentially more dangerous behaviour and
inconsistent results on time headway in
post-automated drives
− Manual driving performance can potentially
deteriorate after the automation phase.
− Lower volatility of speed and acceleration
and improvement in time-to-collision in MVs
following AVs

Direction of effect
(positive / negative)
Positive (Accident risk
via simulations)
& Negative (TOR
related)

Size of effect
(small /
medium /
large)
Medium

è
Total: Effect on safety is
estimated to be positive

–

–

Negative

Small

Positive

Depends on the
penetration rate
(small)

M5

− The modification of interaction between
AVs and other road users is assumed to be
covered to a large extent by the
simulations.

–

–

M6

− Automated driving is likely to increase
vehicle km travelled by car. Increase in
exposure can be expected to increase the
number of road accidents (Kulmala, 2010).

Negative

Medium with low
penetration rates
(1.4–1.9%
increase in VKT
estimated with
30% penetration
rate on
motorways)
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Description of effect
M7

−

Travellers are more likely to use car
instead of other modes (public
transport and active travel). Passenger
km travelled by car have a higher
accident risk than passenger km
travelled by public transport (e.g., Elvik
and Bjørnskau 2004), and hence the
overall accident risk may increase. The
effects of switching from active travel
to car travel are more difficult to
estimate. For example, the risk of
accident per km is relatively high in
cycling and thus transfer from cycling
to car travel could decrease accidents.
On the other hand, decreased cycling
may increase cycling accidents by
inverse safety in numbers effect (Elvik,
2009).

M8

− Car drivers could consider longer routes or
spending more time in rush hour traffic if
they can avoid driving themselves.
Therefore, drivers may prefer roads within
ODD, such as motorways, over other
roads. Accident risk on motorways is lower
than on rural roads (Elvik et al., 2009) and
hence overall accident risk may decrease.
The effects of possible increase in the rush
hour traffic are complex. If congestion
becomes worse, the speed may also drop,
which decreases the likelihood of fatalities
and serious injuries. On the other hand,
congestion may increase the probability of
property damage accidents (Elvik et al.,
2009).

M9

− No effect assumed

Direction of effect
(positive / negative)

Size of effect
(small /
medium /
large)

Negative

Medium

Positive

Medium

–

–

It is important to note that additional indirect safety effects (not covered in the safety impact
assessment calculations) can be obtained by ADF vehicles since AEB (including FCW) will
also be enabled when the automated vehicles are outside ODD. Therefore, the share of AEB
equipped vehicles in the traffic flow will increase in line with the penetration rates set for the
socio-economic impact assessment. Specifically, our baseline assumes that 7.5% of
manually driven vehicles are equipped with AEB and hence the shares for the assumed AEB
penetration rates outside ODD are 12.5%, 17.5% and 37.5%. Previous studies show that
low-speed AEB could reduce 35–45% of rear-end collisions (e.g., Cicchino, 2017; Rizzi et al.,
2014; Fildes et al., 2015). Naturally, the reduction in all road accidents is smaller since rearend-collisions represent only a part of all road accidents. The effectiveness estimates vary
somewhat by penetration rate and by considered road environment.
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In addition to AEB, there are also other ADAS which can benefit from ADF sensor setup,
such as Adaptive Cruise Control (ACC) and Lane Keeping Assist (LKA), which support the
driver by performing lateral and longitudinal vehicle motion control tasks and are available or
in use also outside ODD of the ADF. The safety benefits of ACC are mostly covered above
as part of AEB. Nevertheless, a slight increase of the benefits by combining ACC and AEB
can also expected, since the ACC starts to reduce the vehicle’s velocity earlier than AEB.
Based on the recent accident analysis by Drees and Bahouth (2021), a combination of Lane
Departure Warning (LDW) and LKA has a potential to prevent 25–35% of their target
accidents (side-swipe same direction and striking vehicle front-to-rear). Utriainen (2021)
concluded in his research review that current LKA systems could prevent 30–33% of headon and single-vehicle collisions in existing condition with different assumptions. Utriainen
(2021) also conducted his own accident analysis and according to his findings 27% of fatal
head-on and single-vehicle crashes in Finland could be potentially prevented with LKA.

A1.6.3 Limitations
Limitations related to the safety scaling up process are presented in the following:
Unknown accident characteristics in CARE database: Several missing or type “unknown”
or “not specified” variable values had to be fixed in the CARE database if EU-wide accident
statistics were not available. These unknown values were expected to be a random sample
of all values of that variable. If the sample is skewed (e.g., attribute is more likely to be left
unfilled when circumstances were normal, leading “known” values to be skewed toward
special circumstances), this assumption is not valid. However, as there is no other EU wide
accident database there is no way of assessing this. The assumption was that the accident
records are filled in line with the given guidelines and missing values are a random subset of
all accidents.
Use of external sources to fix CARE deficiencies: For those variables per EU Member
State with more missing than reported values, the deficiency was solved by using an external
data source to assess the proportion of accidents per severity that belongs to each category
(e.g., for which the weather condition is outside ODD of mature ADF). In many cases,
national accident statistics were used for that. If national statistics did not provide insight for a
certain deficiency, an estimate of the generic EU-wide value was used (e.g., German
estimate for quality of physical infrastructure for most other countries). Naturally, the
representativeness of these generic estimates is not perfect.
Use of multiple sources for effect estimates: The scaled-up safety impacts were
combined based on results originating from safety simulations with different approaches.
Some simulations modelled different penetration rates, for some the penetration rate was
constructed based on results of a single ADF vehicle and manual vehicle (with and without
AEB). Thus, results for different scenarios are not fully comparable. In addition, simulations
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could not cover scenarios related to all target accidents. Consequently, assumptions of the
effects for those non-simulated accident types were needed to complete the scale-up.
Frequency effect estimates: Frequency effect estimates could not be simulated within
different traffic scenarios for the driving scenarios addressed in an urban environment. Thus,
no effect had to be assumed even though it is acknowledged that this might not be a realistic
assumption.
High traffic volumes: High traffic volumes were not simulated for the motorway due to the
extensive computation power that would have been required for it. Consequently, the effect
estimate for the highest simulated traffic volume (1,500 veh./h/lane) was used for all
accidents taking place in all volumes from that upward. It is uncertain how valid this effect
estimate is for congested traffic.
Lowest traffic volumes: Several low traffic volumes were simulated for the motorway that
fall under the lowest volume classes used in efficiency and environmental impact
assessment (100, 250 and 500 veh./h/lane under VKT in 0–750 veh./h/lane and 750 and
1,000 veh./h/lane under VKT in 750–1,249 veh./h/lane) that provided safety scale up of the
estimates of VKT of each traffic scenario. These VKT estimates were divided equally for
these cases.
100% penetration rate: As 100% penetration rate could not be simulated, the corresponding
scaled up safety impact could not be assessed, although this was originally planned.
Accidents inside traffic jam: Accidents inside traffic jam corresponding to driving below 60
km/h on motorways could not be identified from CARE or other accident databases.
Consequently, no separate calculation on safety impacts for Traffic jam ADF could be
conducted. Note, however, that the impact for end-of-traffic jam scenarios was specified.
Property damage accidents: No information on property damage accidents is available in
the CARE database. Consequently, only impacts on injury accidents were scaled up within
safety impact assessment.
Parking accidents: Target accidents of Parking ADF are mostly property damage accidents.
Due to the above-mentioned deficiency of property damage accidents in the CARE
database, a different approach was needed for scale-up of the safety impact of Parking ADF.
A1.6.4 Discussion
−

Both motorway and urban ADF have positive safety effects on road accidents with all
severities at all penetration rates. Both ADFs are estimated to be effective in reducing
injury accidents within ODD and within motorway/urban accidents. However, since
motorways are rather safe, especially in good weather conditions, the estimate on the
share of all prevented injury accidents within motorway accidents is relatively small
(13.1−19.0%, depending on accident severity) even with the highest simulated
penetration rate (30%). These results reflect the safety impact for the whole fleet,
including both automated and manually driven vehicles.
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−

The two clearly most common accident types on motorways were rear-end collisions
(n=20,527) and single vehicle accidents - leaving straight road (n=5,525). The
simulated scenarios linked to the first accident type therefore dominated in the effect
estimation. The effect on the latter one was based on expert assumption that ADFs
have no run-off-road accidents (within ODD of good weather conditions). It remains to
be seen how well these results and assumptions will reflect the reality. The most
common accident types in urban environments were rear-end collisions (n=59,061)
and accidents in crossing or turning (of type ‘other’) (n=51,621 with cyclists and
n=55,943 with other vehicles). Several scenarios were simulated to these accident
types.

−

The number of target accidents was significantly higher for the urban ODD than for
the motorway ODD. The proportion of prevented accidents was also larger in urban
environments than on motorways. Hence, the number of prevented accidents was
large in urban environments. Additionally, the definition of accidents taking place
within ODD was more reliable on motorways than for urban accidents. Also, the
lacking pieces of information in motorway accident records were easier to
complement for motorway accidents with more reliable sources than for urban
accidents.

−

Based on simulation results, ADF was best in prevention of rear-end collisions and
worst in prevention of the cut-ins which lead to side-swipes. The latter is likely due to
the fact that the L3Pilot ADF did not include any prediction of the cutting-in vehicles’
lateral motion before entering the ego-vehicle lane and that no precautionary safety
functionality was implemented for the L3Pilot ADF (e.g., staying away from the blind
spot of a truck) – functionalities that are likely to be present in real mature function
implementations.

−

Those traffic scenarios where most VKT are driven include smallest traffic volumes
on two lane motorways with 130 and 120 km/h speed limit. As the traffic scenario
simulations for safety did not include the highest traffic volumes, it is possible that
some of the phenomena taking place in congested conditions are not reflected in the
driving scenario frequency results. In addition, the simulation results on the frequency
of driving scenarios on motorways were not considered fully reliable, since not all
results were in line with pilot results reported in L3Pilot deliverable D7.3 (see Annex
1.3.2.3). It is not clear what caused the differences. Therefore, future research is
recommended on this topic. The frequency changes could not be assessed for urban
environments.

−

The simulation results on the frequency of driving scenarios were not considered fully
reliable for reflecting the dynamics of the traffic flow. Therefore, future research is
recommended on this topic.
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−

The assessment of already existing accident types on motorways is likely to be more
reliable than the assessment of the new accident without corresponding accident
causation mechanisms today (MRM and wrong activation), as the frequency of such
events is hard to estimate. In addition to the two scenarios for new accidents used in
the assessment reported here (MRM and wrong activation), there may also be other
new factors leading to additional accidents (like sudden errors of localisation or
sensor failures), or the carry-over of trust from ADF to ADAS functions resulting in
crashes. Now the ADF was assumed to work without failures, and no changes on the
driver behaviour in other driving scenarios (e.g., with ADAS) was considered. This
might not be fully realistic even if, for example, sudden errors of localization and
sensor failures likely will be rare.

−

Indirect impacts of additional benefits of the sensors during manual drive may be
significant when compared to the direct impact during the automated drive. In addition
to the AEB, the ADF sensor setup potentially enables the use of some additional key
active safety systems such as Adaptive Cruise Control (ACC) and Lane Keeping
Assist (LKA), potentially also including Lane Departure Warning (LDW). Previous
studies show that these systems could prevent up to 27–45% of their target
accidents. Naturally, the reduction in all road accidents is smaller since these target
accidents represent only a part of all road accidents. Unfortunately, L3Pilot did not
experiment with manual driving outside ODD and numeric estimates could not be
given. Also, potential carry-over effects from trust in ADFs to ADAS should be
considered, potentially having a (slightly) negative effect on safety (compared to an
equal penetration rate of only ADAS).

−

The introduction of motorway and urban ADFs is expected to have an effect on
people’s mobility behavior and hence result in indirect safety effects. As described
within the mobility impact assessment, automated driving is likely to increase vehicle
km travelled by car, and travelers are also more likely to use cars instead of other
modes (public transport and active travel). The increase in passenger car kms and
transfer from public transport to car travel are both negative and positive from a road
safety perspective: negative since the increase in vehicle kms driven is expected to
increase the number of road accidents and passenger kms travelled by car have a
higher accident risk than passenger kms travelled by public transport. Even though
these changes can be rather small, the effect on the number of road accidents can be
rather substantial since these changes affect all the accident types and not only the
ones targeted by ADFs. However, the exposure changes have also the potential to
affect road safety in positive way, for example, if the drivers prefer roads within ODD
such as motorways, where accident risk is lower that on rural roads. Note, however,
that these are only reflections from a safety perspective. Environmental aspects of a
transfer from active mobility to automated cars are not positive.
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A1.7 Annex: Qualitative Safety Impact Assessment
While estimating the safety benefits of ADFs in terms of expected reduction in propertydamage-only and injury crash risks as well as reduction in injured car occupants by severity
level depending on ADF penetration rates, a few assumptions are explicitly or implicitly
made, especially in simulations where manually-driven vehicles are based on a driver model
behaviour and automation-driven vehicles are based on mature AD parameter values. Even
if in the simulation all aspects have been covered correctly (i.e., ODDs on motorways and
urban areas are as much as possible appropriately delimited; the mature functions’ genericity
has been accurately determined; the simulations encompass as comprehensively as
possible many driving situations and traffic situations), one remaining assumption is that the
mature ADF works perfectly in all circumstances and notably that the driver interacts with
automation as expected in the conditions of use (except for the “wrong activation” and
“MRM” scenarios).
On one hand, assumptions are perfectly understandable, otherwise simulations would be
impossible. On the other hand, under these assumptions, one question we could raise while
looking at the simulations outcomes is the following:
1. To what extent is (are) the determined effect(s) due to the underlying assumptions?
Beside this, we’ve known for years that, despite the fact that the human driver is, to a certain
extent, performant in perceiving / diagnosing / prognosticating / deciding / acting, he/she is
also fallible, and this is definitely one of the factors in road crash occurrence. Driver state
(e.g., alcohol impairment, distraction), experience (e.g., driving in “automated” mode, low
experience of the driving sites or situations), skills (e.g., unsuitable speed, risk taking) are
well-known endogenous explanatory factors leading to human functional failures (detection,
comprehension, action) that can end up in a crash. Exogenous factors are linked to traffic
conditions, road design and maintenance, vehicle design and maintenance and overall
environment (Van Elslande, 1997). Even if the design / verification / validation / regulation
/type approval of safe automation receives extremely high attention, the technology might
also be fallible even though it is expected to be at least as performant as the best driver.
Therefore, three other questions arise:
2. What are the effective mechanisms leading to an overall reduction (we do actually not
expect an increase) in crash and injury risks thanks to automation?
3. How can the magnitude of the reduction be explained?
4. Are we capable, via the pilots, of identifying, underlining or highlighting remaining
design issues that would help increasing the level of safety of ADF?
The L3Pilot prototype vehicles cannot be expected to be fully market-ready, and we should
take the opportunity of pilots to investigate safety related issues further, even though they
were given much attention during the design phase of the ADF.
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These four questions are not explicitly included in the aforementioned research questions but
come in addition to them.
A1.7.1 Method
A1.7.1.1 The “safe engineering” approach
Answering (or trying to answer) those questions requires a conceptual approach, a method
and a tool. As far as safety is concerned, resorting to a so-called “accident model” (i.e., an
explanatory conceptual model of accident mechanisms) is necessary since it is supposed to
bring insights with a formal structure into how accidents occur, how they should be analysed
and how they can be prevented or mitigated.
The general approach we have selected is STAMP (Systems-Theoretic Accident Model and
Processes), an accident causality model based on control theory and systems theory
(Leveson, 2011). STAMP integrates into engineering safety analysis causal factors such as
software, human factors, new technologies, social and organization structures, and safety
culture. It is designed to address complex systems.
The method STPA (Systems-Theoretic Process Analysis) is the hazard operational analysis
technique associated with STAMP (Leveson and Thomas, 2013, 2018). There are also digital
tools available and used by the STAMP scientific community but the STPA technique
described below is, to a certain extent, sufficient in this context.
STAMP and STPA have been widely disseminated and now receive more and more attention
and interest, especially when new technologies and complex systems are considered (see
for example https://warwick.ac.uk/fac/sci/wmg/mediacentre/wmgevents/stamp/). This is the
reason the approach seemed appropriate for our analysis.
In the end, STPA proposes to identify safety requirements that are essential to meet in the
design, development and validation of a safe system. We therefore assume that the
elucidation of these safety requirements will be the foundation for answering the four
questions aforementioned by knowing what these requirements are, what requirements are
effectively met, what requirements are easy or difficult to meet, which requirements are
impossible to meet, which requirements are still to be investigated, what requirements are
still unknown, etc.
Now, what is the process to follow to elucidate these safety requirements?
A1.7.1.2 STAMP method, process and steps
Alvarez suggested a simplifying adaptation of the original STPA process proposed by
Leveson and Thomas (2018) oriented toward this elucidation of safety requirements for
automated driving (Alvarez, 2017). This adaptation is shown in Figure A 1.46.
First, accidents, hazards and safety constraints must be clearly defined. This is not as simple
as it appears. An example drawn from Alvarez for vehicle automation is given in Table A
1.51.
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Figure A 1.46: STPA Process adapted to automated safety requirements elucidation
(adapted from Alvarez, 2017).
Table A 1.51: Accidents, Hazards and constraints (Alvarez, 2017).
Accidents

Hazards

ACC-1: People die or get
injured due to a vehicle
collision.

H-1: The vehicle violates the
safety distance to other road
users or objects on the road.

ACC-2: Property damage due
to a vehicle collision.

H-2: The vehicle leaves the
roadway.

Constraints
SC-1: The control structure
must prevent the vehicle from
violating the safety distance to
road users or objects on the
road
SC-2: The control structure
must prevent the vehicle from
leaving the roadway.

Once the definitions of accidents / hazards / constraints are made, a control structure of the
whole system must be described (including relationships, i.e., control actions and information
feedback, between all components (or “controllers”) of the system). Every controller imposes
control processes and safety constraints on the level underneath.
Every controller has a process model that includes the understanding and representations
that controllers have of the controlled process. They are kept up to date through feedback
loops. Accidents occur when the system gets into a hazardous state due to the inadequate
enforcement of safety constraints on the system behavior (Figure A 1.47).
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Hierarchical Safety Control
Structure
Process
Model

Control
action

Feedback

Process
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Process
Model

Hazardous
Process

Hazardous System State

Figure A 1.47: Control structure (Alvarez, 2017).
An example of control structure at the micro level is shown in Figure A 1.48 (Alvarez, 2017).
An example of control at a higher or macro level would show relationships (control and
feedback) between all stakeholders (standardization and regulation bodies, European
Commission, ministries, insurance companies, road vehicle industry, driving school,
hospitals, road operators, etc.). We have not reported this macro-level control structure here
for sake of simplicity (and it will not be used in this report).
Once the definitions of accidents (or losses)/hazards/constraints and the control structure are
in place, the next step consists of identifying potential unsafe actions from one processor to
another. This is a paramount step since what we are searching for, i.e., requirements, are
just mirrors of the unsafe control actions.
STPA proposes a support to identify unsafe control actions. An example with application to
automated driving is shown in Table A 1.52 (Alvarez, 2017).
Then, once a preliminary list of requirements is achieved, the next step consists of identifying
scenarios (or control flaws) that could lead to unsafe control actions. Leveson and Thomas
(2018) give guidance on how the scenarios could be generated. Once the scenarios are
determined, the requirements can be refined and enhanced. Generally, this refinement ends
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up increasing the number of initial requirements and making them more precise and
accurate.

Provide/release control
Driving environment

Human driver

Validate ADF engagement.

ADF available

Validate Take Over request

Take Over request

Disengage ADF

Automation info

Automation info

HMI
ADF engagement validation.
ADF available

Take Over request

Take Over request

ADS disengagement
Engage/disengage ADF
Provide/release control

Automation

Follow rules and norms

Network

Perform Minimal Risk Maneuver

Driving environment.

Driver’s actions
Obstacles
Lane markings
Traffic signs

Driving
environment

sensors

Actuator

Vehicle
Vehicle information

Weather
Ambient lighting

Figure A 1.48: Simplified control structure at micro level(Alvarez, 2017).
Table A 1.52: Examples of unsafe control actions identified for the human driver controller
(Alvarez, 2017).
Control Action (CA)

Not providing the
Control Action (CA)
cause a hazard

Providing the CA
causes a hazard

Provide control of the
vehicle

UCA-23: Driver does
not provide control of
the vehicle after the
validation of a
takeover request

UCA-1: Driver
provides inadequate
control of the vehicle
during manual driving

Release control of the
vehicle
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Providing the CA too
early/too late/wrong
order causes hazard

Stopping the CA too
soon/applying
the
CA too late causes
hazard

UCA-11: Driver
releases control of the
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vehicle too soon,
before the ADF is
engaged
Validate
request

takeover

UCA-18: Driver does
not validate takeover
request when
automation sends the
request

UCA-19: Driver
validates takeover
request and
puts the vehicle in an
unsafe situation

A1.7.1.3 L3Pilot inputs
Alvarez (2017) proposed a preliminary list of 32 unsafe control actions for a Traffic jam
chauffeur, i.e., a SAE level 3 system at low speed in congestion on motorway (but it is more
generally widened to other use cases, e.g., urban areas) and hence 32 safety requirements
(mirrors of unsafe control actions), at a rather high level of granularity. It must be reported
that an in-depth examination of the control structure might lead to hundreds of safety
requirements depending on the required degree of accuracy. After identifying control flaws,
she ended up with 80 refined safety requirements.
For L3Pilot purposes, we re-examined these 80 safety requirements in-depth one by one,
and we again refined these safety requirements, in the light of lessons learned since, and
also in the light of the ADFs and experimental designs in L3Pilot. Table A 1.53 to Table A
1.57 shows the re-refined safety requirements we ended up with. We classified them into
homogenous groups to make them more readable.
To a certain extent, some of them are complex and might deserve to be split up in subrequirements, but for the sake of clarity, we relied on the 63 re-refined safety requirements
(Table A 1.53 to Table A 1.57).
Technology-related safety requirements (sensors and actuators)
Table A 1.53: (Re)Refined safety requirements for L3Pilot safety impact analysis (1).
SR-1: Vehicle sensors that measure the necessary feedback to determine that ADF is available or
that a takeover request is needed must have an adequate operation (including accuracy of
measures and adequate feedback, and also including internal and external sensors)
SR-44: The vehicle sensors that take measures on ADF conditions and the traffic environment must
have an adequate operation (including delay and accuracy)
SR-46: The feedback provided by vehicle sensors on ADF conditions, driver monitoring, and the
traffic environment, must be adequate
SR-63: The actuators and commands to implement ADF engagement validation must have an
adequate operation

Technology-related safety requirements (algorithms)
Table A 1.54: (Re)Refined safety requirements for L3Pilot safety impact analysis (2).
SR-2: Automation must detect when the vehicle sensors that provide the necessary feedback to
determine that ADF is available or that a takeover request is needed have adequate operation
SR-3: Automation must have an adequate model of ADF conditions (parameters describing the
ODD)
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SR-4: Automation must have an adequate model of ADF conditions status (i.e., knows perfectly the
values of parameters of the ODD)
SR-5: Automation’s control algorithm must not generate ADF availability notification when the ADF
conditions are not met
SR-6: Automation’s control algorithm can generate ADF availability notification when ADF
conditions are met
SR-7: Automation’s control algorithm must not generate TOR when ADF conditions are met
SR-8: Automation’s control algorithm must generate TOR when ADF conditions are not met
SR-9: Automation must generate appropriate measures if driver conditions are not met
SR-10: Automation must ensure that the actions generated by the control algorithm to send the ADF
availability notification or the takeover requests to the HMI, are executed without delay of X s (value
to be discussed)
SR-26: Automation must have an adequate model of the status of ADF engagement /
disengagement
SR-27: Automation must have an adequate model of the status of a takeover request
SR-28: Automation’s control algorithm must not generate ADF engagement when the driver has not
engaged or when ADF conditions are not met
SR-29: Automation’s control algorithm must generate ADF engagement when driver engages and
when ADF conditions are met
SR-30: Automation’s control algorithm must not generate ADF disengagement when ADF
conditions are met (unless demanded by driver)
SR-31: Automation’s control algorithm must generate TOR when ADF conditions are not met
SR-32: Automation must generate appropriate measures if driver conditions are not met
SR-33: Automation must ensure that the actions generated by the control algorithm related to ADF
engagement/disengagement are appropriate (including delay)
SR-24: Automation must receive adequate input on driver’s actions (engagement and
disengagements)
SR-25: The feedback provided by external information on ADF conditions must be adequate
SR-39: The design of the ADF system must limit unintended ADF disengagements
SR-43: The model of the state of the ADF (engaged or disengaged) must be adequate
SR-47: The feedback provided by external information on ADF conditions must be adequate
SR-48: Automation must comply with safety, traffic rules and social norms (including assumptions)
SR-49: Automation’s control algorithm must generate appropriate actions to control the vehicle and
comply with the decision
SR-50: Automation’s control algorithm must release control of the vehicle after ADF disengagement
SR-51: Automation’s control algorithm must generate appropriate actions to perform a minimal risk
manoeuvre
SR-52: Automation must implement appropriately the actions that allow control of the vehicle
(including accuracy delay)
RSR-45: Automation must detect when the sensors that take measures on ADF conditions and the
driving environment have an adequate operation
SR-54- There must be a clear transition/control logic between the L3 automation and other ADFs
SR-55: Automation’s control algorithm must not generate actions during manual driving mode
SR-56: There must be an adequate communication between automation and the HMI and adequate
HMI operation regarding ADF status

HMI-related safety requirements
Table A 1.55: (Re)Refined safety requirements for L3Pilot safety impact analysis (3).
SR-12: The HMI must provide adequate feedback to the driver on ADF availability notification and
takeover requests
SR-22: The HMI commands must have adequate operation and there must be adequate
communication between the HMI and automation
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SR-23: The HMI commands, pedals and steering wheel must be reliable and provide on-time
feedback to driver on ADF engagement/disengagement and takeover decision
SR-40: The HMI commands and vehicle actuators that enable ADF disengagement must have
adequate operation and communication
SR-41: The HMI commands and vehicle actuators must provide adequate, on-time feedback on
driver’s actions
SR-42: HMI must receive adequate feedback on the driving mode status (manual or automated
driving mode)
SR-61: The HMI design must enable the driver to safely validate ADF engagement and release
control of the vehicle
SR-57: The HMI must provide adequate feedback to the driver on ADF status
SR-58: The HMI must provide feedback to assist the driver in the validation of ADF engagement
and release control of the vehicle

Driver-related safety requirements
Table A 1.56: (Re)Refined safety requirements for L3Pilot safety impact analysis (4).
SR-13: The mental model of the driver must include the procedures and knowledge necessary to
understand and react to the feedback provided by the HMI
SR-14: The driver must value being receptive to the feedback provided by the HMI
SR-15: The driver must be able to perceive and detect the aspects that make it inappropriate to
engage the ADF
SR-20: The mental model of the driver must include safety values that encourage an adequate
decision-making process regarding ADF engagement and takeover request validation
SR-18: The mental model of the driver must include knowledge on the takeover procedures
RSR-34: The driver must perceive the HMI information regarding ADF disengagement
RSR-35: The driver must perceive the driving environment before disengaging the ADF
SR-36: The mental model of the driver must include knowledge on ADF disengagement procedure
and the HMI (sequences, buttons, HMI displays, etc.)
SR-37: The driver must have an adequate model of the traffic environment before the decision of
the ADF disengagement (including safety values)
SR-38: The driver must not provide unintended ADF disengagement
SR-53-The driver has to be aware of the driving mode status (taking into account other available
systems in the vehicle)
SR-60: The mental model of the driver must include the procedures to validate ADF engagement
and release control of the vehicle
SR-62: The driver must be capable of executing the command on the vehicle cockpit for the
validation of ADF engagement
SR-59: The mental model of the driver must be capable of understanding the feedback provided by
the HMI on ADF (status)

Procedures-related safety requirements
Table A 1.57: (Re)Refined safety requirements for L3Pilot safety impact analysis (5).
SR-16: The takeover procedures must enable the driver to perceive the traffic environment and gain
situational awareness before the validation of the takeover request
SR-17: The takeover procedures must ensure the driver is capable of responding to a TOR
SR-19: The procedures to validate a takeover request must be easy and supportive to perform by
the driver
SR-21: The procedures and commands to validate ADF engagement and takeover requests must
limit unintended validations
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Now, what are we doing with this and how can these requirements help answer the
questions we raised above?
As can be seen from Table A 1.53 to Table A 1.57, we split the (re)refined safety
requirements into five categories, namely:
•
•
•
•
•

Technology-related safety requirements (sensors and actuators)
Technology-related safety requirements (algorithms)
HMI-related safety requirements
Driver-related safety requirements
Procedures-related safety requirements

For each of the categories and each of safety requirements, we investigated whether we
could elaborate more on them on the basis of the L3Pilot experience. Because many of the
requirements call either for technology safety design confidentiality or for “observability” in
the project, we conducted the analysis only for one car owner, as an exercise.
The process consisted of examining each safety requirement one by one and discussing
them in detail with the developers, the participants and the safety drivers to get more insights
into them and use the elaboration to answer the questions.

A1.7.2 Results
We present below the answers to the sub-research questions that the qualitative analysis,
based on the STAMP approach and the STPA technique (addressing all 63 requirements),
was able to deliver. To a certain extent, it might appear restricted, but it should be taken as
an exploratory path to explore how the quantitative evaluation of the a priori safety benefits of
ADF could be complemented with explanatory aspects.
1. To what extent is(are) the calculated expected reduction(s) due to the underlying
assumptions (in the simulations)?
All simulations implicitly considered that the safety requirements were fulfilled, but to a
certain extent the “MRM” and “wrong activation” scenario simulations took into account some
kind of “error” of the driver: absence, late or bad reaction, or wrong action. MRM is now
regulated in the ALKS regulation (UN ECE, 2021) and designed for that kind of “error” or late
response by the driver, and ADF is also overall designed to avoid as much as possible wrong
activations or, more generally, wrong use or misuse.
The fact that almost all safety requirements are implicitly fulfilled in simulations does not
come as a surprise, as this is often the case in simulations (also for the impact assessment
of ADAS) where technology is supposed to work perfectly as designed, verified, and
validated.
From the technology viewpoint, this makes sense. It is highly likely that the ADFs will not be
commercialized if the functional safety (see ISO 26262) and the safety of the intended
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functionality (see ISO 21448) are not at their highest level. The continuous tremendous
efforts in simulations and verification/validation procedures of ADFs for a decade attest to the
awareness of the car makers, suppliers and regulation bodies that the crucial issue in
automated driving is the capacity of the technology to address all driving situations, including
rare ones (“edge cases”). Given the diversity and the number of driving situations, the
challenge is ambitious. Considering that the technology might fail with a very low probability,
this might be therefore acceptable. Likewise, it is also acceptable to consider that, if the
technology fails, a fallback is applied to reduce the likelihood of a crash.
One other aspect in the simulation-related assumptions is that the ODD is perfectly defined
in all its detailed dimensions and that the ADF has the capacity to measure all dimensions,
including their limits.
From the human behaviour viewpoint, the assumption of perfection-of-knowledge on how the
function works, perfection-of-use of the function, especially in demanding situations such as
short take-over requests or MRMs, might be more questionable. Questions of calibrated
mental models and trust are heavily addressed in current research. L3Pilot certainly
contributes to anticipating how drivers would use the system in real-world conditions but to a
large extent this is not really known at present. Questions regarding hypo vigilance,
drowsiness, situational awareness and reaction time during take-overs in real traffic or after
long automated trips are still pending. For the sake of simulations, given the current state-ofthe-art, it would be difficult or even impossible to take unknown or not sufficiently known
driver reactions into consideration. It is therefore acceptable to assume a correct driver
interaction with the ADF in the simulations.
It should be kept in mind here that simulations and scaling up obviously need assumptions.
The question is therefore: to what extent they are reasonable and what consequences do
they have on quantitative results? From the qualitative assessment point of view, the answer
is that they are reasonable and that the current state-of-the-art of safety impact assessment
of ADF has been substantially extended in L3Pilot.
The added value of the STAMP approach here is that it helped in making the implicit
assumptions explicit. The 63 macroscopic safety requirements make it clear what
assumptions were implicitly considered when simply mentioning that function works well
according to its description in the mature function definition, and driver interacts well with the
function.
Some safety requirements are rather obvious and general, such as “The vehicle sensors that
detect the ADF conditions and the traffic environment must have an adequate operation
(including delay and accuracy).” Some others like “The driver must value being receptive to
the feedback provided by the HMI” are probably less obvious and deserve to be reported
here.
2. What are the effective mechanisms leading to an overall reduction in crash and injury
risks thanks to automation?
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Outcomes of simulations and scaling up, considering both change in crash risk for each
driving scenario and change in frequencies of driving scenarios, clearly show a reduction of
overall injuries and fatal crashes on Motorway ODDs for the mature function specified in the
simulations, but not for conflicts with vulnerable road users. Noticeably, crash reductions are
higher for rear-end scenarios and end of traffic jam conflicts. Clearly, assuming that lower
speeds, lower speed variances, and longer time headways are more likely to be associated
with automated driving and with a lower crash risk, the results are in line with expectations.
Again, these results are conditioned, in their magnitude, to the assumptions regarding
mature functions, driver models and other simulation assumptions, but they also look
reasonable according to what crash causation issues automation is expected to address.
Behind lower speeds and longer time headways is technology design (perception and
decision algorithms). The safety requirements again give some explicit insights into how
technology should lead to safe driving.
While these accident types (e.g., rear-end conflicts) are highly correlated to speed and safety
distance managed by technology, it is expected that driver-related and manufacture-related
requirements are more predominant in situations like take-over request, which could occur at
an ending lane, road work, the end of ODD or sudden, unexpected failure.
3. How do we explain the magnitude of the reduction?
This question was raised initially to investigate whether the qualitative assessment could help
in this matter, in addition to the quantitative assessment. Actually, it barely can. Magnitude of
reduction is more explained by changes in risks within driving scenarios and frequencies
across scenarios than through qualitative analysis.
4. Are we capable, via the pilots, to identify, underline or highlight remaining design
issues that would help increase the level of safety of ADFs?
This is a difficult question since L3Pilot has not been designed to verify or validate the design
and safety of piloted automated functions, which were supposed to be technically validated
before L3Pilot started. The project’s focus was on collecting data for user acceptance
assessment and impact assessment purposes. Besides, technical assessment is more
highlighting assessment on traffic aspects than performance and reliability of ADFs.
Therefore, getting feedback from the pilots for improving the design of the functions was not
the objective of the project and the safety impact assessment addressed mature functions.
Notwithstanding, the pilots were all conducted with prototypes or Wizard of Oz cars and not
with close-to-series-production vehicles. This can be considered as an opportunity to
emphasize some aspects regarding safety in the current situation, where L3 passenger cars
are not yet on the market and are still in development phase for most car manufacturers.
L3Pilot could be a chance to elaborate some pending issues.
As technology safety requirements are highly linked to functional safety and safety of the
intended functionality, these are confidential areas for each car manufacturer, and as no
benchmark between pilot sites or manufacturers is one fundamental principle of L3Pilot, it
was not possible to investigate further design issues related to technology itself (with respect
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to neither perception nor algorithms). On the other hand, it was possible to further investigate
driver-related requirements or general requirements that could contribute to increasing the
safety of ADFs.
We therefore set up a series of interviews with participants, safety drivers and investigators
(psychologists) at one pilot site only (for the sake of simplicity and because of time
constraints and confidentiality reasons). We shared with them the safety requirements with
the objective to identify which safety concerns could be further investigated. On the other
hand, they shared with us their experience in running such a pilot and their subsequent
propositions for engineering a safer world (through the design and deployment of AVs). We
came up with two specific types of propositions: 1) avoid motives for rejection of ADFs and 2)
improve proper usage of the ADFs. Motives for rejection (and therefore less usage and less
safety) and improper usage that should be tackled are, according to the conducted
interviews:
1. Inconsistency between what the driver sees and what the driver feels the vehicle
sees. In L3 vehicles, and it also has been confirmed in the Pilot questionnaires, the
driver tends to look outside the cockpit and monitor what the vehicle is doing
compared to the traffic around. If the vehicle does not behave the way it is expected
to by the driver it might decrease drivers’ trust in the capacity of the system to detect
hazards and react appropriately. Drivers tend to expect the vehicle to behave like a
human being, or at least like themselves. There is therefore a need to adapt vehicle
behaviour to drivers’ expectations or to adapt driver trust to vehicle behaviour.
2. A vehicle obeying traffic rules too strictly or being too cautious might lead to
discomfort. This is, for example, the case in seemingly long lane changes or in
absence of lane change when the vehicle is following a HDV at low speed.
Combining perception of safety and comfort is an issue.
3. ODD fragmentation reduces the value. The longer a trip in automated mode, the
better. The fewer take-over requests, the better, since each take-over leads to an
interruption of the non-driving tasks required time. Both aspects can lead to the
rejection of the ADF.
Improvement for proper usage of the system according to the interviewed participants:
•

An AV should be visible and recognizable as an automated vehicle. This was
controversial a few years back, especially because of tendency of some manually
driven car drivers to test the performance of automated vehicles by cutting-in or
overtaking, but it is less and less a controversy. Participants and safety drivers stated
that this would improve safety as an AV does not behave like a conventional car and
should be recognizable as “different” to offer the surrounding traffic the chance to
react appropriately to the ADF.

•

HMI plays a crucial role (understandability, recognizing ADF status, etc.) in drivers’
cognitive and active interactions with ADF. It was not possible to analyse this topic in
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L3Pilot since HMIs were not fully completed and resemble more prototypes than fully
elaborated ones, and no benchmarks or comparisons should be made between
brands. This topic of course receives a lot of attention from car manufacturers and
research communities and will deserve even more attention in further projects. Proper
and safe use of ADFs highly depends on understandability, transparency, and
usability of the HMI.
•

Driver education is demanded by the interviewed participants, and safety drivers
highlighted on the need to educate potential users before use of systems. It seems
obvious that declarative and procedural knowledge should be transmitted (and
possibly certified/evaluated) before use to get a calibrated, correct mental model for
trust. However, contents, duration, time, used medium, and target population of the
training is still under debate. The extent to which (and what type of) education must
go in addition to information is being studied by public authorities in conjunction with
the industry.

•

L3Pilot project naturally did not allow studying “stressful” driving situations and edge
cases because of the experimental conditions, which were much more focused on
safety. Safety drivers took over whenever needed, sometimes much ahead of
possible conflicts. More research on open roads, in addition to simulator studies, is
needed here. One basic principle of driver education regarding technologies
stipulates that drivers should be aware of the ADF’s limits and of the true operational
domain of the function.

In any case, supplementing the traditional quantitative approach by a more qualitative one
highlighting what mechanism leads to reduction in crashes and what new crashes could be
due to automation should be encouraged in further projects.

A1.7.3 Limitations
The qualitative safety impact assessment was conducted as a supplement to the quantitative
approach in order to investigate whether the quantitative findings could be to a certain extent
explained or argued. We considered that this could be achieved by implementing a method
identifying safety requirements for automation, assuming that these safety requirements
would be the basis for argumentation. The STAMP approach and the STPA method were
selected as the currently best state-of-the-art standard for this. They have been receiving a
growing attention and interest in the scientific world for a decade. In addition to this, we
conducted in-depth interviews with persons involved in one pilot site and looked at some
questions of the L3Pilot questionnaire in details. This process has, of course, some
limitations that we report below:
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- STPA and functional safety: At first glance STPA very much looks like a functional
safety method like HAZOP, HARA or FMEA and would just bring insights into safe
design of automated function and not into explanation of estimates of crash reduction
thanks to automation. This is true to a certain extent, but we attempted to use it here as
a tool to supplement quantitative analysis. It was of course not possible to validate
whether all safety requirements were fulfilled by the prototypes tested in L3Pilot, first
because they were prototypes and second because confidentiality would not have
permitted this. Subsequently, just a part of the safety requirements was used to answer
the fourth research question (design issues).
- Preliminary analysis: This analysis should be taken as preliminary, as we came up
with “only” 63 safety requirements, at a very macroscopic level. Further investigations
could end up with a few hundred more as deeper levels of details are possible using our
63 requirements as headings for sub-levels.
- Only one pilot site: our investigations concerned only one pilot site, which is of
course restricted. More sites would have been more informative and would have brought
more recommendations to avoid rejection and improve proper use and therefore
increase safety. Once again, this was not possible to extend the analysis to preserve
confidentiality.
- Investigation of crash: The STAMP approach also proposes a Causal Analysis
using System Theory (CAST), a method to analyse crashes. This model has been
applied by Alvarez (2017) to automation. She proposed the CASCAD variant, namely
CAST for Connected and Automated Driving. The application of this model to an incident
or an accident during the Pilot would have brought more information about crashes
involving automated vehicles, but it was not possible to apply since no crash or serious
incident occurred, fortunately.
- Insights into new crashes: the identification of the control structure related to
automation and the in-depth analysis of each of the safety requirements could have
helped in identifying more clearly the potential for new types of crashes to happen. We
haven’t done this exercise in this report, but it could be considered to be applied in
further research.
In any case, supplementing the traditional quantitative approach with a more qualitative one
highlighting what mechanism leads to reduction in crashes and what new crashes could be
due to automation should be encouraged in further projects.
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A2 Annex: Mobility impact assessment
A2.1 Annex: Pilot site questionnaire scores and factors
Leisure activity and Work activity scores were calculated to represent participants’
willingness to engage in non-driving related activities with ADF activated.
The list of all activities queried was:
1. Texting
2. Music, radio, audiobooks
3. Interact with a passenger
4. Eating or drinking
5. Calling
6. Smoking
7. Personal hygiene/Cosmetics

8. Smart phone apps
9. Social media
10. Navigation
11. Browsing the Internet
12. Sleeping
13. Watching movies
14. Office/work tasks

Responses were given on the scale 1 = Very frequently, 2 = Frequently, 3 = Every now and
then, 4 = Infrequently, 5 = Very infrequently and 6 = Never. It was also possible to give no
answer. For the analysis, the scale was reversed, so that higher values represented greater
willingness to perform activities. Leisure activity score was calculated as an average of the
leisure activity values, which were easier to perform while driving in an automated mode than
when manually driving (items 1, 3, 4, 5, 7, 8, 9, 11, 13). For work activity score, the activity
“office/work tasks” was used (14). ‘Not relevant to me’ values were treated as missing and
ignored when calculating the average for the leisure activity score. If no final score could be
calculated (all values missing), then it was replaced by a value representing Never. The
participants were also asked to rate a number of other activities, which drivers already can
perform in manually driven cars and with advanced driving assistance systems, such as
navigation (items 2, 6, 10). In addition, drivers were asked to answer if they would like to
sleep, even though it is not allowed in conditionally automated vehicles.
The three factors were composed of the following questions:
•

Trust in ADF
• I felt safe when driving with the system active
• Driving with the system active was comfortable
• I trust the system to drive

•

Workload of ADF
• Driving with this system was difficult (reversed)
• Driving with this system was demanding (reversed)
• Driving with the system was stressful (reversed)

•

Predictability of ADF
• Sometimes the system behaved unexpectedly (reversed)
• The system worked as it should work
• The system acted appropriately in all situations
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A2.2 Annex: Impact assessment survey
A2.2.1 Questionnaire design and content
The survey questionnaire was designed by project partners from VTT and SNF. The starting
point for the content was the research questions set by the project for the mobility and socioeconomic impact areas, which could not be exhaustively addressed by the L3Pilot annual
survey results (L3Pilot deliverable D7.1). The structure, content and questions, including their
wording, were developed during several workshops with involved experts.
Before the questionnaire was administered, it was tested both by the involved project
partners and by Taloustutkimus Oy, carrying out the data collection. Taloustutkimus Oy
carried out the translation to the national languages and the project partners reviewed
whether the questionnaire content was correctly translated.
The respondents first received a description of conditionally automated cars to ensure that
they had a correct perception of the topic. The following description was given:
A conditionally automated car is designed to handle all your driving tasks in certain
environments.
When driving in automated mode, the system handles steering, acceleration and
braking, stays in the lane, and keeps a safe distance from the vehicle in front. The car
can also overtake slower vehicles and change lanes.
Our study looks at four automated driving systems designed especially for town or
city streets, motorways, congested motorways or parking situations. These systems
will not operate outside these driving environments.
When driving in automated mode you do not need to keep your hands on the steering
wheel, and you can safely take your eyes off the road. This allows you to engage in
other activities like messaging, reading, watching videos or surfing the Internet.
The car may ask you to take back control, for example when approaching a
construction site or if the lane markings are not visible, which means you might have
to stop what you are doing and resume driving yourself. You will also be asked to
take control of the car in poor weather conditions such as heavy rain or snow.
After the description, the questions were grouped into five main topics:
-

Willingness to have and use, including secondary task preferences during automated
driving

-

Current personal mobility behaviour: frequency of travel mode usage, combination of
travel modes on different types of trips, motives for travel mode selection, motives for
car usage and daily travel environment

-

Personal mobility impacts: expected impacts on journey quality, travel patterns and
amount of travel, willingness to accept additional travel time
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-

Willingness to pay for: next manually driven car, different types of ADFs (urban,
motorway, congested motorway and parking system), improvements in safety due to
different types of ADFs (urban, motorway, congested motorway and parking system)

-

Background information: age, gender, household income and composition,
educational level, employment status, annual mileage, experience with advanced
driver assistance systems

Respondents were informed that it would take around 15 minutes and that the survey is
executed as part of the EU-financed project L3Pilot.
A2.2.2 Leisure and Work activity scores
Leisure activity and Work activity scores were calculated to represent participants’
willingness to engage in non-driving related activities with ADF activated.
The list of all activities queried was:

1. Spending time with my fellow passengers

7. Eating or drinking

2. Entertaining/taking care of children

8. Monitoring how the car is functioning

3. Messaging/calling friends or family

9. Observing the landscape or road ahead

4. Listening to music, radio or audiobooks

10. Relaxing and/or resting

5. Using digital media

11. Sleeping

6. Reading a book or magazine

12. Working

The responses were given the scale 1 = Always, 2 = Very often, 3 = Sometimes, 4 = Rarely,
5 = Never and 6 = Not relevant for me. The number coding was reversed for the analysis, so
that higher values represent greater willingness to perform activities.
Activities that drivers could perform in an automated mode but not when manually driving
may influence the travel quality, especially the value of travel time. Such leisure activities in
the list are items 1 to 7. Item 12 represented work activities (e.g., sending emails). As with
the pilot site questionnaires, the Leisure activity score for the impact assessment survey was
calculated based on the leisure activities (items 1 to 7) that would be easier to perform in an
automated mode and Work activity score was based on the single item (12).
A2.2.3 Data collection
The impact assessment survey data was collected in January 2021 in eight European
countries (Germany, Netherlands, United Kingdom, Sweden, Poland, Romania, Spain, and
Italy). A sample of at least 1,000 respondents representative of the country (age, gender,
income) was collected in each country. The survey was translated into the national language
of the country and was administered with an online survey tool by Taloustutkimus Oy. The
sample targeted 18–69-year-olds with a valid license to drive a passenger car (to recruit car
drivers).
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A2.3 Annex: Respondents
In total, the survey consisted of 8,432 respondents. An overview of respondents’ sociodemographic information (gender, age group, educational level, employment status,
household composition and living environment) is given in Table A 2.1.
Table A 2.1: Summary of respondents’ socio-demographic information (number and share of
frequencies).
Variable

Category

Gender

Male

4347

51.6

Female

4065

48.2

20

0.2

18–29 years

1556

18.5

30–39 years

2075

24.6

40–49 years

1863

22.1

50–59 years

1695

20.1

60–69 years

1242

14.7

University degree

3944

46.8

Trade/technical/vocational training

3461

41.0

None of these

1027

12.2

Employed full-time

5008

59.4

Employed part-time

1097

13.0

Unemployed

545

6.5

Student

436

5.2

Retired

885

10.5

Homemaker or stay at home with kids

461

5.5

1

1574

18.7

2

4524

53.7

3 or more

2334

27.7

0

4758

56.4

1

1973

23.4

2

1383

16.4

3 or more
Urban city/town centre (dense
housing)
Suburban area (surrounding a city or
town centre)
Small town/village or rural area
(sparse housing)

318

3.8

4093

48.5

2585

30.7

1754

20.8

Other
Age group

Highest educational level

Employment status

Number of adults in
household
Number of children (≤18
years) in household

Living environment

n

%

An overview of respondents’ current travel mode usage is presented in Figure A 2.1.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 150

0

1000
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7000

Walking more than 0.3 miles per trip
Bicycle (including electric bike)
Electric scooter
Motorcycle or moped
Car as the driver
Car as a passenger (all cars, including taxis and
carpools
Public transport on trips of less than 30 miles each
way (local trains, subways, trams, buses, ferries)
Public transport on trips of more than 30 miles
each way

Daily or almost daily

4–5 days a week

1–3 days a month

Less than once a month Never or almost never

1–3 days a week

Figure A 2.1: Respondents’ current travel mode usage (number of observations).
An overview of respondents’ current car usage (annual mileage and experience with
advanced driver assistance systems) is presented in Table A 2.2.
Table A 2.2: Summary of respondents’ current car usage (number and share of frequencies).
Variable

Category

n

%

Annual mileage

Less than 2,000 km

1273

15.1

2,000–4,999 km

1252

14.8

5,000–9,999 km

1715

20.3

10,000–14,999 km

1766

20.9

15,000–19,999 km

1152

13.7

20,000–50,000 km

998

11.8

More than 50,000 km

276

3.3

I have AEB in my car

2477

29.4

I don’t have AEB in my car, but I have used a car
with AEB

1900

22.5

Experience with AEB
(Automated Emergency
Braking)
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Variable

Experience with LKA
(Lane
Keeping
Assistance)

Experience
(Adaptive
Control)

with

ACC
Cruise

Experience with SPAS
(Self-parking
Assist
System)

Category

n

%

I have never used a car with AEB

4055

48.1

I have LKA in my car and I use it regularly

1158

13.7

I have LKA in my car, but I don’t use it regularly

1120

13.3

I don’t have LKA in my car, but I have used LKA in
some other car

1436

17.0

I have never used LKA

4718

56.0

I have ACC in my car, and I use it regularly

1743

20.7

I have ACC in my car, but I don’t use it regularly

1475

17.5

I don’t have ACC in my car, but I have used ACC in
some other car

1457

17.3

I have never used ACC

3757

44.6

I have SPAS in my car, and I use it regularly

1066

12.6

I have SPAS in my car, but I don’t use it regularly

992

11.8

I don’t have SPAS in my car, but I have used SPAS
in some other car

1417

16.8

I have never used SPAS

4957

58.8
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A2.4 Annex: Mobility impact focus groups
The purpose of the mobility impact focus groups was to understand potential changes in
personal mobility due to conditionally automated cars. Specifically, the discussions made it
possible to understand reasoning processes and motivations to use automated vehicles in
more detail than would have been possible based on the questionnaire data only.
A2.4.1 Participants
Four focus group discussions were organized remotely. In total, 15 participants joined the
discussion. Two of the groups were at a motorway pilot site (8 participants) and two at an
urban pilot site (6 participants). At the end of the discussions, the participants filled out an
anonymous background questionnaire. One participant decided not to fill out the
questionnaire. Three of the participants identified themselves as female and 11 as male. The
average age was 43 years (SD=14, Min=29, Max=70). Four participants were the only
member of their household, two had another member, and eight had two or more members
in their household. Two participants indicated that their annual household gross income was
less than 40,000 €, six 40,001-80,000 €, and five more than 80,000 €.
A2.4.2 Procedure
The discussions were conducted in October and November 2020 and were always led by
two researchers. The topic of the discussion was introduced, and the participants gave an
informed consent (either in writing or orally) for participation, recording, and analysis of the
discussion. Then participants were reminded of the capabilities and limitations of the ADFs.
Six questions regarding the mobility were then presented:
1. How do you travel in your daily life?
2. What kinds of trips would you like to take with a conditionally automated car if you
had one now?
3. How would you spend your travel time when the car is driving in an automated mode?
4. Would you be willing to accept a longer travel time in exchange for not having to drive
yourself?
5. If you had a conditionally automated car, would you start using a personal car more
or less than previously? If yes, in what kind of situations would this be?
6. What are your main motivations to use a (non-automated) personal car today? Would
those change if the car were a conditionally automated car?
The remote discussion was supported by a slide set presenting the questions to the
participants in writing.
A2.4.3 Results
How do you travel in your daily life?
The participants could be divided roughly in two groups: those who used cars on most of
their trips, including commuting, and those who commuted by public transport, active travel
or even motorbike, but used cars for other trips. Most of the participants lived currently in the
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metropolitan area or nearby, which can partly be the reason why many were regular users of
public transport and active travel.
What kinds of trips would you like to travel with a conditionally automated car if you
had a conditionally automated car now?
Participants most often stated that they would use the ADF on long-distance trips. Longdistance trips often involve driving on monotonous roads, such as motorways, where driving
can be boring. Especially, long distance vacation trips were mentioned.
Using the ADF system in other unpleasant driving conditions was also mentioned. These
included especially night time trips, where the system could help to compensate for
tiredness, and rush hour traffic.
The possibility to perform other activities and when travelling with children or family were
seen as motivations to use and travel with conditionally automated cars. Some participants
said that they would use the system on all trips if it were safer.
Many participants also spontaneously mentioned when they would not like to use the ADF
system. The main motivation not to use ADF would be the enjoyment of driving (e.g., on
mountain roads) and when wanting to be in control, for example, when in a hurry, because
the driving style of ADF was perceived as less aggressive.
How would you spend your travel time when the car is driving in an automated mode?
Many participants mentioned that they would engage to activities with their mobile devices
when driving in an automated mode. Messaging, calling and watching movies were often
mentioned. Some participants used the term ‘fast activities’ which could be quickly finished or
interrupted, if they needed to take over control.
In line with the motivations, interacting with passengers and resting or even sleeping were
mentioned.
Motion sickness was often mentioned as restricting the possible activities.
Would you accept longer travel times in exchange for not having to drive yourself?
Participants were somewhat indecisive regarding accepting longer travel times.
Many participants mentioned that they could accept somewhat longer travel times if they
could gain something in exchange: An example of where they could accept was that they
would need to do something during the travel time. Another example was if the automatic
mode would enable them to travel longer distances without taking a break. Some participants
felt that they could accept longer travel times for short trips, while others would rather accept
them for long trips.
On the other hand, many participants said that they would not accept longer travel times, for
example, in situations where they liked driving and did not feel a need to do other things.
Some participants expected that automated mode would be driving slower or less
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aggressively, and therefore they would not like to use it when in a hurry because automatic
driving could lose some time.
Some participants mentioned that they were bored by long car trips already now, and
therefore would not accept longer travel times.
Would you start driving more or less with an automated car?
Most of the participants expected that conditionally automated cars would not considerably
increase or decrease their use of a personal car. The most often mentioned reason for not
starting to drive more was limited or expensive parking, which made the use of public
transport attractive. As mentioned earlier, some foresee making longer trips by car more
often.
Motives to use a personal car
The main motive to use a non-automated car today was its convenience and flexibility,
travelling without transfers and reaching destinations not accessible by public transport,
transporting children or stuff, and being protected from bad weather. Besides these
instrumental motives, some also mentioned enjoyment of driving as a motive. The
participants did not consider that ADFs would change these motives.
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A2.5 Annex: Mobility scaling-up
The elasticity coefficients EVTTS,car and EPR,car were estimated based on Kröger et al. (2019),
using the values reported for Germany. Table 6 of Kröger et al. (2019) reported relative
changes in VKT ("total vehicle mileage”) compared to the base case scenario (no
automation) at two penetration rates (10.1% and 37.6%) and for three different levels of
VTTS (0%, 25%, and 50%). For these values 0% change in the average network speed was
assumed.
Kröger et al. (2019) generated VKT changes assuming fully autonomous vehicles, which
could also be used by those who currently cannot drive (e.g., underage or mobility impaired).
Because conditionally automated cars would require the presence of a capable driver, the
share of the increase of the vehicle mileage caused by new user groups (71% for 10.1%
penetration rate and 65% for 37.6% penetration rate) was removed from the VKT changes
before estimating the elasticity coefficients.
Change in the VKT relative to VTTS 0% was then calculated by subtracting VKT increase at
VTTS 0% from VKT increase at VTTS 25% and 50%. Elasticity coefficient EVTTS,car was
calculated by dividing the change in VKT relative to VTTS 0% by corresponding VTTS.
However, because the increase would be due to AD fleet and VTTS would apply only to the
AV fleet, also VTTS in the denominator had to be scaled to take into account that VTTS
would apply only the AV fleet. Therefore, VTTS in the denominator was scaled by the
penetration rate. This way, both the nominator and denominator reflected the VKT and VTTS
change for all vehicles:
EVTTS,car = (VKT relative to VTTS 0%) / (VTTS * (PR / 100))
Average of the values was 0.13.
Elasticity coefficient EPR,car was calculated using the VTTS 0% values by diving the VKT
increase without new users by the penetration rate. The average was 0.04.
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A3 Annex: Efficiency and Environment impact assessment
A3.1 Annex: Motorway analysis results
Results of the analysis of European (EU27+3) motorways with regard to the share of total
motorway length by combinations of number of lanes and speed limits is shown in Table A
3.1. Speed limits indicated in miles per hour were rounded to the nearest corresponding
value in kilometres per hour.
Table A 3.1: Motorway types in the EU27+3 in the order of prevalence (data source:
OpenStreetMap)
Number of lanes
2
2
2
2
3
2
3
3
3
2
3
2
2
3
4
4
3
4
4
4
3
4
4
4

Speed limit
120
130
100
none
130
110
120
none
110
140
100
80
90
80
100
110
90
120
none
130
140
80
90
140
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Share of length (%)
23.463
23.137
8.001
7.625
6.012
5.901
4.158
3.670
3.632
2.524
2.296
2.134
1.419
0.750
0.658
0.623
0.610
0.542
0.472
0.357
0.217
0.165
0.111
0.021
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A3.2 Annex: Motorway simulation results
Results of the motorway ADF traffic simulations for all speed limits are provided in the figures
below for the indicators delay, travel time, standard deviation of travel time, CO2 emissions,
energy demand and average speed. Note that the penetration rates consider passenger cars
only, and manually driven HDV are included in the traffic flow.
A3.2.1 Delay

Figure A 3.1: Average delay in s per VKT for speed limit 80km/h and different number of
lanes, traffic volume combinations and penetration rates. The figures present results per
speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250 veh/h/lane; 5:
over 2250 veh/h/lane.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 158

Figure A 3.2: Average delay in s per VKT for speed limit 90km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.3: Average delay in s per VKT for speed limit 100km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.4: Average delay in s per VKT for speed limit 110km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.5: Average delay in s per VKT for speed limit 120km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.6: Average delay in s per VKT for speed limit 130km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.7: Average delay in s per VKT for speed limit 140km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.8: Average delay in s per VKT for motorways without speed limit and different
number of lanes, traffic volume combinations and penetration rates.

A3.2.2 Travel time

Figure A 3.9: Average travel time in s per VKT for speed limit 80km/h and different number of
lanes, traffic volume combinations and penetration rates. The figures present results per
speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250 veh/h/lane; 5:
over 2250 veh/h/lane.
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Figure A 3.10: Average travel time in s per VKT for speed limit 90km/h and different number
of lanes, traffic volume combinations and penetration rates.

Figure A 3.11: Average travel time in s per VKT for speed limit 100km/h and different number
of lanes, traffic volume combinations and penetration rates.
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Figure A 3.12: Average travel time in s per VKT for speed limit 110km/h and different number
of lanes, traffic volume combinations and penetration rates.

Figure A 3.13: Average travel time in s per VKT for speed limit 120km/h and different number
of lanes, traffic volume combinations and penetration rates.
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Figure A 3.14: Average travel time in s per VKT for speed limit 130km/h and different number
of lanes, traffic volume combinations and penetration rates.

Figure A 3.15: Average travel time in s per VKT for speed limit 140km/h and different number
of lanes, traffic volume combinations and penetration rates.
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Figure A 3.16: Travel time in s per VKT for motorways without speed limit and different
number of lanes, traffic volume combinations and penetration rates.
A3.2.3 Standard deviation of travel time

Figure A 3.17: Standard deviation of travel time in s per VKT for speed limit 80 km/h and
different number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.18: Standard deviation of travel time in s per VKT for speed limit 90 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Figure A 3.19: Standard deviation of travel time in s per VKT for speed limit 100 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 167

Figure A 3.20: Standard deviation of travel time in s per VKT for speed limit 110 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Figure A 3.21: Standard deviation of travel time in s per VKT for speed limit 120 km/h and
different number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.22: Standard deviation of travel time in s per VKT for speed limit 130 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Figure A 3.23: Standard deviation of travel time in s per VKT for speed limit 140 km/h and
different number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.24: Standard deviation of travel time in s per VKT for motorways without speed
limit and different number of lanes, traffic volume combinations and penetration rates.

A3.2.4 CO2 emissions

Figure A 3.25: Average CO2 emissions in g per VKT for speed limit 80 km/h and different
number of lanes, traffic volume combinations and penetration rates. The figures present
results per speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1:
up to 750 veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250
veh/h/lane; 5: over 2250 veh/h/lane.
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Figure A 3.26: Average CO2 emissions in g per VKT for speed limit 90 km/h and different
number of lanes, traffic volume combinations and penetration rates.

Figure A 3.27: Average CO2 emissions in g per VKT for speed limit 100 km/h and different
number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.28: Average CO2 emissions in g per VKT for speed limit 110 km/h and different
number of lanes, traffic volume combinations and penetration rates.

Figure A 3.29: Average CO2 emissions in g per VKT for speed limit 120 km/h and different
number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.30: Average CO2 emissions in g per VKT for speed limit 130 km/h and different
number of lanes, traffic volume combinations and penetration rates.

Figure A 3.31: Average CO2 emissions in g per VKT for speed limit 140 km/h and different
number of lanes, traffic volume combinations and penetration rates.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 173

Figure A 3.32: Average CO2 emissions in g per VKT for motorways without speed limit and
different number of lanes, traffic volume combinations and penetration rates.

A3.2.5 Energy demand

Figure A 3.33: Average energy demand in kWh per VKT for speed limit 80 km/h and different
number of lanes, traffic volume combinations and penetration rates. The figures present
results per speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1:
up to 750 veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250
veh/h/lane; 5: over 2250 veh/h/lane.
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Figure A 3.34: Average energy demand in kWh per VKT for speed limit 90 km/h and different
number of lanes, traffic volume combinations and penetration rates.

Figure A 3.35: Average energy demand in kWh per VKT for speed limit 100 km/h and
different number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.36: Average energy demand in kWh per VKT for speed limit 110 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Figure A 3.37: Average energy demand in kWh per VKT for speed limit 120 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Deliverable D7.4 / 11.10.2021 / version 1.0 Final

A 176

Figure A 3.38: Average energy demand in kWh per VKT for speed limit 130 km/h and
different number of lanes, traffic volume combinations and penetration rates.

Figure A 3.39: Average energy demand in kWh per VKT for speed limit 140 km/h and
different number of lanes, traffic volume combinations and penetration rates.
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Figure A 3.40: Average energy demand in kWh per VKT for motorways without speed limit
and different number of lanes, traffic volume combinations and penetration rates.

A3.2.6 Average speed

Figure A 3.41: Average speed of all vehicles for speed limit 80 km/h and different number of
lanes, traffic volume combinations and penetration rates. The figures present results per
speed limit, number of lanes (2L or 3L) and traffic volume class. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250 veh/h/lane; 5:
over 2250 veh/h/lane.
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Figure A 3.42: Average speed of all vehicles for speed limit 90 km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.43: Average speed of all vehicles for speed limit 100 km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.44: Average speed of all vehicles for speed limit 110 km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.45: Average speed of all vehicles for speed limit 120 km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.46: Average speed of all vehicles for speed limit 130 km/h and different number of
lanes, traffic volume combinations and penetration rates.

Figure A 3.47: Average speed of all vehicles for speed limit 140 km/h and different number of
lanes, traffic volume combinations and penetration rates.
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Figure A 3.48: Average speed of all vehicles for motorways without speed limit and different
number of lanes, traffic volume combinations and penetration rates.
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A3.2.7 Fundamental diagrams
Fundamental diagrams for a point just before the offramp begins in the motorway simulation
are shown in the figures below. For motorways without ramps, the point remains in the same
place. The aggregation period for a single data point is 5 minutes.

Figure A 3.49: Fundamental diagrams for the 2-lane simulation with ramps. Point of measure
just before the first ramp (offramp) begins. Flows (y axis) are in veh/h/lane and speed limits
(x axis) in km/h. PR equals penetration rate.
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Figure A 3.50: Fundamental diagrams for the 2-lane simulation line section. Point of measure
at the same spatial location as in the with-ramp condition. Flows (y axis) are in veh/h/lane
and speed limits (x axis) in km/h. PR equals penetration rate.
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Figure A 3.51: Fundamental diagrams for the 3-lane simulation with ramps. Point of measure
just before the first ramp (offramp) begins. Flows (y axis) are in veh/h/lane and speed limits
(x axis) in km/h. PR equals penetration rate.
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Figure A 3.52: Fundamental diagrams for the 3-lane simulation line section. Point of measure
at the same spatial location as in the with-ramp condition. Flows (y axis) are in veh/h/lane
and speed limits (x axis) in km/h. PR equals penetration rate.
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A3.3 Annex: Motorway scaling up results
Table A 3.2 shows all motorway–traffic-volume combinations in EU27+3 based on the
analysis of European motorway layout and traffic data and their share of total VKT in the
EU27+3 countries.
Table A 3.2: List of motorway-traffic-combinations in EU27+3. Volume class 1: up to 750
veh/h/lane; 2: 751–1250 veh/h/lane; 3: 1251– 1750 veh/h/lane; 4: 1751– 2250 veh/h/lane; 5:
over 2250 veh/h/lane.
Share of VKT

Nr of lanes

Speed limit (km/h)

Traffic volume
class

1

12.87 %

2

130

1

2

9.65 %

2

120

1

3

6.64 %

3

130

1

4

5.81 %

2

none

1

5

4.16 %

2

130

2

6

4.12 %

3

120

1

7

3.98 %

2

120

2

8

3.66 %

3

110

1

9

3.64 %

3

none

1

10

3.49 %

3

none

2

11

3.43 %

2

100

1

12

3.30 %

2

110

1

13

3.03 %

3

110

2

14

2.93 %

2

100

1

15

2.25 %

2

none

2

16

2.12 %

3

130

2

17

2.11 %

3

110

3

18

2.00 %

3

100

1

19

1.22 %

2

100

3

20

1.18 %

3

100

2

21

1.10 %

2

80

1

22

0.99 %

3

130

5

23

0.96 %

2

110

2

24

0.96 %

2

130

3

25

0.89 %

2

140

1

26

0.85 %

2

90

1

27

0.73 %

2

130

5
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Share of VKT

Nr of lanes

Speed limit (km/h)

Traffic volume
class

28

0.68 %

2

80

2

29

0.63 %

2

120

5

30

0.62 %

3

120

2

31

0.59 %

2

110

3

32

0.55 %

3

130

3

33

0.54 %

2

130

4

34

0.54 %

3

110

4

35

0.52 %

2

90

2

36

0.49 %

2

100

4

37

0.47 %

3

100

3

38

0.40 %

2

120

3

39

0.40 %

2

none

3

40

0.40 %

3

none

3

41

0.33 %

2

110

4

42

0.32 %

2

100

5

43

0.29 %

3

130

4

44

0.24 %

2

110

5

45

0.22 %

2

90

3

46

0.19 %

2

140

2

47

0.19 %

3

120

3

48

0.14 %

2

90

5

49

0.12 %

3

100

4

50

0.11 %

2

90

4

51

0.10 %

3

140

1

52

0.09 %

3

140

2

53

0.09 %

2

80

3

54

0.09 %

2

none

4

55

0.07 %

2

120

4

56

0.06 %

3

110

5

57

0.04 %

3

none

4

58

0.04 %

2

none

5

59

0.03 %

3

100

5

60

0.02 %

2

80

4

61

0.01 %

3

120

4
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Share of VKT

Nr of lanes

Speed limit (km/h)

Traffic volume
class

62

0.01 %

2

80

5

63

0.00 %

2

140

3

64

0.00 %

3

none

5

65

0.00 %

2

140

4

Effects in most common scenarios
The following figures show the results for the ten most common combinations of motorway
layouts and traffic volumes (Table 5.10). As shown above, they all have rather low speed
limits and low traffic volumes.
Delay

Figure A 3.53: Average delay in s per VKT for most common combinations of number of
lanes and traffic volumes by penetration rate on EU27+3 motorways.
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Travel time

Figure A 3.54: Average travel time in s per VKT for most common combinations of number of
lanes and traffic volumes by penetration rate on EU27+3 motorways.
Standard deviation of travel time

Figure A 3.55: Average standard deviation of travel time in s per VKT for most common
combinations of number of lanes and traffic volumes by penetration rate on EU27+3
motorways.
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CO2 emissions

Figure A 3.56: CO2 emissions in g per VKT for most common combinations of number of
lanes and traffic volumes by penetration rate on EU27+3 motorways.
Energy demand

Figure A 3.57: Energy demand in kWh per VKT for most common combinations of number of
lanes and traffic volumes by penetration rate on EU27+3 motorways.
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Average speed

Figure A 3.58: Average speed of all vehicles for most common combinations of number of
lanes and traffic volumes by penetration rate on EU27+3 motorways.
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A3.4 Annex: Urban simulation results
The Mann Whitney U test (two-sided) was conducted to show a difference in medians
between the KPIs of the condition (computed per condition and simulation initialization seed)
and the corresponding baseline. A result with a p-value smaller than 0.05 is assumed to be
significant. Tables of the differences in mean, p-values and U-statistics are shown below.
Table A 3.3: Urban KPI Delay in s per VKT
Network

Traffic
volume

Penetration rate
(%)

Percent
change

Pvalue

U-statistic

Hamburg

low

5

0.43

0.777

5116

Hamburg

low

10

1.46

0.535

5254

Hamburg

low

30

-1.58

0.514

4733

Hamburg

low

100

0.09

0.410

5337

Hamburg

medium

5

0.89

0.694

5161

Hamburg

medium

10

-0.91

0.536

4747

Hamburg

medium

30

0.32

0.866

5069

Hamburg

medium

100

-1.47

0.756

4873

Hamburg

high

5

-0.85

0.611

4792

Hamburg

high

10

-1.06

0.453

4693

Hamburg

high

30

-4.84

0.021

4052

Hamburg

high

100

-4.67

0.011

3963

Wolfsburg

low

5

45.26

0.024

4077

Wolfsburg

low

10

68.46

0.001

3607

Wolfsburg

low

30

17.76

0.000

881

Wolfsburg

low

100

-15.07

0.000

100

Wolfsburg

medium

5

4.49

0.709

5153

Wolfsburg

medium

10

5.17

0.497

5278

Wolfsburg

medium

30

4.15

0.803

4898

Wolfsburg

medium

100

-18.36

0.000

2638

Wolfsburg

high

5

-3.66

0.483

4713

Wolfsburg

high

10

-5.5

0.940

5031

Wolfsburg

high

30

-5.9

0.632

4804

Wolfsburg

high

100

-14.61

0.000

2660
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Table A 3.4: Urban KPI Travel time in s per VKT
Network

Traffic
volume

Penetration
rate (%)

Percent
change

Pvalue

Ustatistic

Hamburg

low

5

0.18

0.756

5127

Hamburg

low

10

0.62

0.527

5259

Hamburg

low

30

-0.61

0.558

4760

Hamburg

low

100

0.11

0.354

5379

Hamburg

medium

5

0.6

0.689

5164

Hamburg

medium

10

-0.61

0.530

4743

Hamburg

medium

30

0.22

0.870

5067

Hamburg

medium

100

-0.96

0.766

4878

Hamburg

high

5

-0.67

0.611

4792

Hamburg

high

10

-0.84

0.456

4695

Hamburg

high

30

-3.83

0.019

4043

Hamburg

high

100

-3.69

0.011

3965

Wolfsburg

low

5

1.09

0.124

4370

Wolfsburg

low

10

1.65

0.024

4076

Wolfsburg

low

30

0.42

0.000

1744

Wolfsburg

low

100

-0.4

0.000

100

Wolfsburg

medium

5

2.35

0.716

5149

Wolfsburg

medium

10

2.71

0.499

5277

Wolfsburg

medium

30

2.18

0.809

4901

Wolfsburg

medium

100

-9.63

0.000

2641

Wolfsburg

high

5

-2.6

0.471

4705

Wolfsburg

high

10

-3.91

0.949

5026

Wolfsburg

high

30

-4.21

0.620

4797

Wolfsburg

high

100

-10.41

0.000

2637
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Table A 3.5: Urban KPI throughput
Network

Traffic
volume

Hamburg

low

Hamburg

Penetration rate
(%)

Percent
change

P-value

5

0.44

0.640

525993969

low

10

0.76

0.437

526730321.5

Hamburg

low

30

2.14

0.043

529698592

Hamburg

low

100

4.75

0.000

535058513

Hamburg

medium

5

-0.05

0.847

525339699

Hamburg

medium

10

1.3

0.185

528033673

Hamburg

medium

30

1.01

0.139

528400328.5

Hamburg

medium

100

3.1

0.000

533568250

Hamburg

high

5

0.84

0.391

526921747.5

Hamburg

high

10

1.02

0.217

527821383.5

Hamburg

high

30

2.8

0.003

531862418.5

Hamburg

high

100

4.55

0.000

536695422.5

Wolfsburg

low

5

-0.8

0.989

524868537

Wolfsburg

low

10

-1.35

0.982

524861323

Wolfsburg

low

30

-0.05

0.999

524880646.5

Wolfsburg

low

100

0.43

0.991

524888857.5

Wolfsburg

medium

5

0.29

0.997

524883363.5

Wolfsburg

medium

10

-1.95

0.986

524866010

Wolfsburg

medium

30

-2.94

0.979

524858633.5

Wolfsburg

medium

100

7.69

0.914

524967833.5

Wolfsburg

high

5

4.05

0.975

524905229

Wolfsburg

high

10

2.22

0.985

524895449.5

Wolfsburg

high

30

0.91

0.993

524887575.5

Wolfsburg

high

100

9.45

0.884

524997742
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A4 Annex: Socio-economic impact evaluation
A4.1 Annex: Theoretical foundation for the socio-economic evaluation
A4.1.1 Methodology
A4.1.1.1 Introduction
The L3Pilot impact assessment studies the potential effects of installing and using ADFs in
specified penetration rates of passenger cars in the EU27+3. In the socioeconomic analyses,
the ADFs are simply considered to be improved transport technology. Therefore, the
evaluation approach chosen is close to the one usually applied when evaluating transport
infrastructure projects (Boardman et al., 2017).
A4.1.1.2 Objective
The basic technology (L3 technology) upon which the ADFs are based already exists.
Hence, the main socio-economic question is about whether the technology should be
commercialized through these ADFs.11
Based on the impacts assessments in this report and deliverable D7.3 (Weber et al., 2021),
the main question is to assess the value of each of the ADFs from society’s point of view, i.e.
the net welfare effect on the EU27+3 level. The baseline is a situation with only manually
driven cars, SAE levels 0 to 2. The answer to this socioeconomic question is important for
governments and other policymakers for a number of reasons.
If the ADFs prove to be beneficial for society, policy measures could be used to optimize the
benefits, for example, by tailoring maintenance and development of transport infrastructure,
by subsidizing the purchase of cars with the ADFs or even making them mandatory in all new
cars. In addition, standardization of the ADFs among different producers would simplify the
work of infrastructure builders and insurance companies, and also make consumers’ choices
easier.
Potential benefits of the ADF technology would not be realized unless car drivers actually
choose to buy and use cars with the relevant ADF installed. As a by-product of the
socioeconomic analyses some sketchy evidence to throw light on that question is provided.

A4.1.1.3 What kind of socioeconomic impact evaluation?
The approach chosen for the socioeconomic impact evaluation relies on traditional costbenefit analysis (Boardman et al., 2017). In such an analysis, the impacts are usually
presented as the net present value over the project’s lifetime. However, it is very difficult to
figure out what the future would look like, with and without the relevant ADFs, especially
because the basic technology (prototypes) already exists and could be seen as a stepping11

Some technological improvements are still needed before it is ready for the market. Installing L3 ADFs in cars
may also be considered as a step meant to gain experience on the way to L4 and L5 technology, i.e., as an
investment in future technological progress. Possible benefits of this sort are not included in the analyses here.
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stone for the development of level 4 and 5 ADFs in the future. Therefore, a simplification is
chosen – a “snapshot” approach – where the perspective is narrowed down to one year. The
question posed is the following:
How much higher (or lower) would the welfare have been in a given year if the relevant ADF
had been installed in a fraction of the passenger cars that year?
Several fractions are studied, as the penetration rate is crucial for the results. Interpreting the
approach literally, the society is assumed to be in a steady state over time, where nothing
happens except for the introduction of the relevant ADF in a fraction of the passenger cars.
A4.1.1.4 Assumptions
To be able to focus directly on the question posed and avoid unnecessary complications,
four assumptions about the working of the economy are made in the main analyses:
1. It is characterized by sharp competition among all businesses involved and wellfunctioning markets.
2. There is constant return to scale in production.
3. The marginal cost of public funds is one.
4. Distributional effects are small and disregarded.
The first assumption implies that the prices of scarce resources (including labor and capital)
used in the production of goods and services reflect their (shadow) value to society. As a
result, the producer prices of specific goods and services also reflect their (shadow) cost to
society, i.e., the value of the goods and services foregone when resources are used in their
production. In addition, there is no unemployment, and capital earns a normal (risk-adjusted)
return (no additional profits caused by imperfect competition). This assumption implies that
we disregard short-term costs (unemployment, bankruptcies, etc.) related to possible
restructuring of the car industry or other industries as a result of the commercialization of the
L3 technology.
The second assumption means that the unit cost in the production of different goods and
services is constant, independent of scale (level of production). This means that if
businesses or industries scale down or up, the unit cost of whatever they produce is
constant. In particular, it also means that the cost of producing cars with the relevant ADF
installed is independent of the penetration rate. This may not be realistic in a world where
economies of scale and/or learning by doing may be important.
The third assumption means that the cost/value of one Euro out of/into government coffers is
the same as the cost/value of one Euro out of/into private pockets. Taken literally, this means
that taxation does not cause distortions and efficiency loss. This assumption means that we
do not have to keep track of the distribution of benefits and costs between private
households and the government.
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The fourth assumption means that the distribution of benefits and costs between private
households is neglected. The value to society of one Euro in benefit or cost does not depend
on who the winner or loser is or whether he/she is rich or poor.
The realism of these assumptions and their likely consequences for the results are discussed
in the following.
A4.1.2 Stakeholders
In a socioeconomic cost-benefit analysis based on the assumptions above, the aggregate
welfare effect is nothing else than the sum of net gains (benefits minus costs) for all
individual households involved directly or affected indirectly, measured in monetary terms.
Main stakeholders: Travelers
Households derive utility (or welfare) from the consumption of goods and services, leisure,
good health, etc. The main determinant of material welfare is income – from labor and capital
(after taxes and transfers). Traveling does not contribute to welfare directly. On the contrary,
as a rule it implies some costs if there is a need to move geographically between activities
contributing to welfare that take place at home, at work, at different marketplaces, etc. The
more time spent traveling, the less time remains available for work, consumption (of goods
and services), leisure, training, etc.
In addition, traveling is a risky activity; accidents and/or delays may happen. Households do
not like uncertainty; they are risk averse. When they choose what travels to undertake, how
to travel, etc., they are assumed to base the decision on expected utility, where the relevant
risks are taken into account. They choose the option which gives the highest expected utility.
This choice would reflect the lowest generalized travel cost (GTC), i.e., the cost of travel in
terms of expected utility, measured in monetary units.
Considering the relevant ADF as improved transport technology, the main welfare effects are
considered to be realized through reduced generalized travel costs – in a very wide sense –
not only for those who actually use cars with the ADF, but also for other travelers (and
transporters of goods), for example, because the number of accidents decreases and/or the
traffic flow improves. This is an externality, which is not internalized by potential buyers of the
new car type and as such, and therefore an argument for a government subsidy.
From an economist’s point of view, the reduction in GTC for the buyers (owners/drivers) of
cars with the ADF could be called an increase in the direct consumers’ surplus and the
reduction in GTC for all travelers (and transporters) could be called an increase in travelers’
surplus. The concept of surplus here captures the net gain from traveling, i.e., the gross
value (in principle the willingness to pay for a specific travel, WTP) in excess of the
generalized cost of making the relevant travel, GTC.
If we let Figure A 4.1 illustrate a specific road system where all travelers are car drivers and
assume that they all choose the new car type (L3), because their private GTC decreases, the
aggregate private benefit (increased consumers’ surplus) is the rectangle a (benefits for
those who used to drive with the old car type) and the triangle b (new drivers).
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Figure A 4.1: Travelers’ surplus when generalized travel cost goes down.
Households are not only consumers and travelers, but also taxpayers (and recipients of
transfers and users of government services), shareowners, victims of pollution, etc. In the
analyses here, we take such effects into account by introducing additional stakeholders: the
government, businesses, and the rest of society.
The government
In our analyses, the focus is on the budget surplus, as a proxy for tax reduction (or increase)
and/or improved (or worsened) public services for households.
The level 3 ADFs are expected to reduce the number of accidents, thereby reducing
government expenses. On the other hand, necessary maintenance and improvement of
transport infrastructure may have additional expenses. The same may be the case if L3 cars
are taxed at lower rates than conventional cars, or even if L3 cars are subsidized.
Businesses
How will car producers, repair shops, insurance companies, and other types of suppliers of
products to car owners/drivers and other travelers (road users) be affected? Some changes
may be anticipated, but as long as return to scale is constant and the economy works well
(Assumptions 1 and 2), capital ends up earning the normal return anyhow, i.e., capital
owners’ income is not affected.
Rest of society
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The rest of society is meant to capture effects that are not internalized by other stakeholders.
In our analyses, emissions caused by road traffic but not paid for by road users are an
obvious item to take into account.
Improved transport infrastructure often leads to larger labor markets (and other types of
“wider impacts”), thereby increasing productivity. Improved transport technology may do so
as well.

A4.1.3 Generalized travel costs
The private traveler’s perspective
From a representative car-owner/driver’s point of view, there are both monetary and nonmonetary travel costs. The monetary costs are capital costs (fixed and variable),
service/maintenance/repair, insurance (optional and mandatory), fuel consumption, and tolls
(road use and parking).
There are two types of non-monetary costs related to travel time and accidents.
Travel time: When thinking about the cost related to taking a specific trip, the driver takes
into account the (expected) time it takes them and sets a value on that time: the value of the
time if it could be spent otherwise, i.e., the shadow value of time (if the trip was not
undertaken or the travel time was shorter), corrected for the value of possible activities
performed while travelling. The time value may depend on the purpose of the travel, and also
on the travel technology (for example, ADF or not).
The travel time spent on a trip is stochastic, and the driver is risk averse, so uncertainty
related to travel time has a cost. To keep down the expected costs of delays, the driver often
adds a time buffer to expected travel time. In addition, there is a subjective cost related to
this uncertainty (uneasiness related to the possibility of being too late).
Accidents: When deciding to take a trip, we assume that the risk-averse driver takes into
account their own perception of the risk of becoming engaged in an accident (probabilities
and costs) and has at least an idea about their own expected accident costs (material and
health-wise).12
Accident costs are stochastic, and uncertainty has its own cost. To keep down the expected
accident costs, the driver may spend extra time, driving carefully. The subjective feeling of
uncertainty is an additional cost, i.e., feeling unsafe on the road because of the possibility of
ending up in an accident.

12

The perceived risk per trip may be very small, but the fact that most drivers buy non-mandatory
insurance may be considered proof that such risk is actually taken into account.
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A part of the accident cost is insured and part of the monetary insurance cost above, but
there are also non-insured costs, some of which are non-insurable. Here, the government to
some extent works as an “insurer of last resort,” sending the bill to the taxpayers.
Fuel costs, travel time costs, accident costs, etc. depend on the traffic volume and
congestion. When calculating his/her own GTC, the costs the driver internalizes are based
on average travel time, average accident costs, etc., for a given traffic volume. He/she does
not internalize the fact that when he/she starts driving, his/her action also affects the travel
time, accident risks and other costs for the other travelers on the actual road system.
In addition, what is important here is that these costs depend on the actual penetration rate
of the ADF in question.
When a rational car owner/driver decides whether to buy a car with the relevant ADF
installed or not, his focus is on his/her own, subjective GTC. If the new type of car brings the
costs (in the wide sense as discussed above) down, that car is chosen.
This perspective is used in a few illustrative examples below, focusing on net benefits for
representative types of car drivers and stated willingness to pay. Will car drivers choose the
new car type or not? The answer to this question is important for car producers, but also for
governments. If the ADFs give welfare gains but are too expensive for drivers to buy them,
there might be a case for a subsidy.
Assuming that all drivers choose the new L3 car type is unrealistic. In principle, the
penetration rate should be endogenized, based on individual preferences, income, etc.
However, in this project, we have chosen to experiment with different exogenous penetration
rates.13 One hypothesis could be: The higher the penetration rate, the higher the GTC
reduction, not only for those who drive the new type of car, but also for other travelers.
Working with exogenous penetration rates implies the assumption that the size of the fleet
eligible for the relevant ADF is constant. This again amounts to saying that the travelers
basically continue to travel the same way as before; the only change is that a certain share of
car drivers change to the new type of cars. Each new car replaces exactly one of the oldfashioned types. This means that the triangle b in Figure A 4.1 is disregarded.
Also, other types of travelers/road users (than car owners/drivers) may be expected to have
lower travel costs when some drivers start driving cars with an ADF. These other travelers or
road users may have other types of travel costs, but the basic approach is the same. For
example, bus passengers pay for a ticket instead of car costs, but their perspectives on other
types of travel costs are similar to that of a car driver.
GTC may be measured per kilometer, per (standardized) trip, per month, per year, per
traveler, etc.

13

We do not have enough information to endogenize the penetration rate. However, see section 4.1.5 for a
modest attempt, trying to say something about individual drivers’ motivation for buying a L3 car.
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So far, the individual traveler’s perspective is discussed. From society’s point of view, the
calculation of GTC may look a bit different.

Society’s perspective
When moving from the individual traveler’s perspective to that of society as a whole, it is
necessary to aggregate across all travelers (of all types), and also across all stakeholders
involved. The welfare gains from cars with ADFs are nothing other than the reduction in
aggregated generalized travel cost for society as a whole.
There are important differences between individual travelers’ and society’s perspectives on
travel costs.
Monetary costs. Some of the drivers’ perceived annual monetary costs are most likely too
high from society’s point of view. One reason is that their subjective discount rate may be too
high.14 The main reasons are given in the following.
In addition, as long as the marginal cost of public funds is one, value-added tax (on car
prices, maintenance, repair, etc.) paid by the owner/driver is just a transfer to the government
and no real cost to society. The same is true for special car taxes or subsidies. Subsidies are
transfers from the government to car buyers.
From society’s point of view capital costs, maintenance, repair, and service should all be
based on producer prices, which are assumed to reflect correct (shadow) prices from
society’s point of view (including a normal return on capital). If producers add a mark-up on
the prices calculated this way, say in view of regaining the cost of developing the basic
technology on which the ADFs are based, this is not a relevant cost. The reason is that this
cost is sunk and should not affect the cost of producing and installing the ADFs.
Fossil fuel causes emissions. If the fuel market price includes a fee reflecting the full cost
of emissions, in addition to the cost of producing the fuel itself, it is the correct price from
society’s point of view. The fee ends up in the government’s hands (adds to government
budget surplus) but covers a real cost to the rest of society. If the cost of emissions exceeds
the fee, the market price (monetary cost to the driver) is too low and therefore, the difference
must be added to find the cost to society.
In addition, there are in principle three types of tolls paid by car drivers. One type covers
infrastructure maintenance costs (traffic-dependent and fixed). Another type reflects external
costs to the rest of society not included in fuel prices, for example, congestion, noise, etc.
This type adds to government budget surplus. If the toll is too low to cover the costs in
question, the difference must be added to get the real costs from society’s point of view.
The third type is a type meant to help finance the infrastructure. However, the infrastructure
is already in place, so this type of toll does not imply any resource cost; it should be
considered a transfer from the car owners/users to the infrastructure owners. As a rule, the

14

He/she may be more short-sighted (myopic) than what is correct from society’s point of view.
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government is the owner, and the infrastructure is already financed by the taxpayers. This
type of toll then simply adds to the government’s budget surplus.
To summarise so far: From society’s point of view, the relevant costs are the market value of
inputs necessary to produce a car (annualised), maintain and repair it, and drive it (fuel) –
and also to maintain the necessary infrastructure (the market value of the inputs determines
the relevant costs and producer prices), and the cost of external effects related to emissions
and congestion.
The insurance premiums paid by the car owner/driver cover only parts of the real accident
costs as society should perceive them (see below).
Travel time: In principle, the travel time costs perceived by the individual drivers are also
costs for society. But some differences may be considered. For example, if the relevant
alternative is to work, the point of departure for the calculation of the cost per unit of time
spent traveling for the individual is the wage level net of taxes. Of course, for society, taxes
should be included, affecting the government surplus.
Accidents: In principle, all accident costs perceived by individual drivers should be included.
However, the perspective should be wider. The owner/driver takes into account his/her own
accident costs. Some costs may be covered through insurance, which represent a monetary
cost. In addition, to the extent insurance is mandatory (and a monetary insurance cost), the
driver also covers accident costs he may impose on others. However, many types of
accident costs are not covered directly by the driver, such as hospital treatment costs, etc.
(see Annex 4.2 for details about accident costs). Material accident costs should be priced
based on the market value of inputs necessary to cover them.
The discussion so far has focused on car owners/drivers and their GTC, from their own and
society’s perspective, with and without the relevant ADF. As mentioned above, the GTC, in
addition to being based on a given traffic volume (and pattern), also depends on the
penetration rate of the ADF.
The GTC of other types of travelers/road users than passenger car drivers (trucks, buses,
bikes, etc.) can be discussed in a similar way, also depending on traffic volume and
penetration rate of the ADFs in cars.

A4.1.4 Socioeconomic analyses: The overall perspective
From the discussions above we end up asking: Do the benefits of the relevant ADFs
outweigh the costs?
Using the decomposition of the generalized travel cost above, the benefit side is (in principle)
a summary of changes in accident costs, travel time costs, fuel costs, emission costs, etc.
The impact analyses provide relevant information in physical units. Prices and values used in
the socioeconomic analysis are discussed below.
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The cost side, then, is simply the annual capital cost: How much more expensive is the
relevant fleet of cars with the ADF installed as compared with the fleet of traditional cars? In
addition, the extra annual infrastructure cost, if any, should be included.
Benefits and costs are measured on an annual basis in a steady state (based on 2018
statistics) for given penetration rates. The penetration rate is interpreted to mean the fraction
of cars driving with the ADF activated. If the activation rate is lower than 100 percent and
known, the fraction of cars with the ADF installed may be calculated – on which the total car
cost should be based.

Prices and values
The extra annual cost of L3 cars (capital cost) must be calculated, based on the cost
difference between cars with the ADF installed and traditional cars, preferably based on
information from producers.
Market prices are used wherever they exist, but the GTC certainly contains items where such
prices do not exist, e.g., value of statistical life, etc. There are different ways of deriving
prices for such items, based on stated or revealed preferences.
It is, of course, impossible to calculate the GTC as described above for each and every
traveler involved. Road authorities calculate national prices per standardized unit of different
types. Individual details are ignored, and unit prices are based on representative types of
drivers, cars, etc.
In addition, they are often meant to capture aggregate effects across all stakeholders
involved.
Important unit prices to consider:
•

Cost of travel time for different types of travelers: car (with and without ADF), truck,
bus, bike, etc.), for different travel purposes (business, leisure, to/from work). These
values are not always complete, and uneasiness related to the risk of delays is
typically neglected. Of course, the value of travel time in cars with ADFs does not yet
exist.

•

Injury costs for different types of injuries: Accidents are classified according to their
severity. Once the number of injuries of different types in each class of accidents has
been identified, the total cost of human injuries per class of accidents can be
calculated. Material costs are then added. If cost per accident of a specific class was
independent of driving technology, existing unit costs would not be affected by the
introduction of an ADF. Only the probability distribution over different types of
accidents would be dependent on the penetration rate. However, if the severity of
injuries per accident class is reduced, the costs per accident are also reduced.
Uneasiness related to feeling unsafe on the road is usually neglected.

Unit prices are discussed and presented in detail in Annex 4.2. To some extent, there exist
“average” unit prices at the relevant European level.
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A4.1.5 The individual car driver’s perspective
So far, the question has been whether the ADFs are beneficial from society’s point of view,
assuming that the ADF is installed and used in certain fractions of the passenger car fleet.
The question is: Will car drivers buy the new type of cars (L3 cars)? From the discussion of
GTC above, it is clear the individual traveler’s perspective differs from that of society; it is
narrower. He simply may ask, “What’s in it for me?” Obviously, he will base his decision on
market prices and subjective values.
At first glance, there are reasons to believe that the ADFs are less beneficial at this microlevel than at the macro-level discussed above. The most apparent reason is that the market
price of a car (relevant for the buyer) is much higher than the production cost (relevant in the
socioeconomic analysis), i.e., three times as high (FESTA Handbook, FOT-Net and
CARTRE, 2018). The reasons are as follows. First, producers put a markup on costs, which
is meant to cover the development costs of the technology and profits (since assumption 1
does not necessarily hold). In addition, buyers have to pay taxes (value-added taxes and in
many countries other special car-related taxes). As a consequence, the market price
difference between L3 cars and conventional cars (relevant for the buyer) may be assumed
to be three times the difference calculated at cost of production (used in the socioeconomic
analysis).
Furthermore, there are reasons to believe that a private car buyer will internalize only parts of
the benefits, as measured by the average standard unit costs used in the socioeconomic
analysis and reflecting society’s point of view (see Annex 4.2):
Traffic flow: If buying and driving a car with the ADF improves traffic flows, reduces
congestion, etc., other travelers will gain. That benefit is not internalized by the car buyer.
Accidents: If accidents are reduced, only parts of the benefits are internalized by the buyer.
Of course, if the potential buyer is an altruist, some of these (external) costs may be
internalized. To the extent that car drivers are forced to pay for such (external) costs they
impose on others, for example, through fees/tolls or mandatory insurance, the difference
between the two perspectives is reduced. Here, the differences between countries are
substantial.
There are also benefits perceived by the individual driver which are not taken into account in
the unit prices used in the socioeconomic analyses, for example, reduced GTC caused by
improved comfort, work done while driving, etc.
In order to get an impression of the effects at the micro level (individual travelers), the results
from the impact assessment should be used in the analyses of different types of individual
drivers. Drivers differ when it comes to what kind of roads they use, distance driven per year,
etc.
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Results from the socioeconomic analyses of relevance for the individual driver are confronted
with willingness to pay for the ADFs based on questionnaires where respondents are asked
to explicitly state their willingness to pay.
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A4.2 Annex: Standard unit costs
A4.2.1 Introduction
The socio-economic impact evaluation relies on two essential data inputs. One is the
estimates of how and to what extent L3 technology impacts different areas of potential social
value, directly related to transportation such as traffic accidents and traffic flows, and
indirectly for society, such as environmental impacts. The socio-economic impact evaluation
requires impact estimates in absolute terms, such as the annual number and severity of
traffic accidents, annual hours of traveling, and tons of emissions per year. These data inputs
are provided by the other impact assessments (IA) in L3Pilot, i.e., on mobility, safety,
efficiency and environment (described in chapters 3 to 5 in this deliverable).
The other type of data for calculating the economic value of these impacts
from society’s point of view is the value of one unit of each of these different impacts. There
are in general well-established methods and principles to build on in order to calculate the
standard unit costs for most impacts within the field of socio-economic transport analyses.
This concerns the unit cost of different types of accidents, the cost of spending time to travel,
as well as the costs of pollution. Nevertheless, it is not necessarily straightforward. The way
to do it with regard to both the methodology applied and what aspects ought to be included in
such measures differs greatly between countries. We need to make use of standard unit
costs covering the 30 countries in L3Pilot, i.e., EU27 plus the non-EU members UK, Norway
and Switzerland. Thus, the purpose of this annex is twofold. We present the standard unit
costs that are used in the socio-economic impact evaluation of ADF technology, and clarify
the basis for the estimates that are presented in more detail.
The Handbook on the external costs of transport (van Essen et al., 2019), commissioned by
the European Commission’s Directorate General for Mobility and Transport (DG MOVE), has
been a key reference for the standard unit costs that are applied in the evaluation of socioeconomic impacts. Values have been updated and supplemented in order to capture the full
social costs, and not only the costs related to externalities.

A4.2.2 Standard unit costs to estimate the monetary value of traffic accidents
In this section, we first clarify the units that are applied when safety impacts are measured in
L3Pilot. The challenge is to establish standard unit costs at the European level, as such unit
costs by and large are developed and applied at the national level. Fortunately, we can build
on the work of others.
A4.2.2.1 Measuring safety impacts in L3Pilot
The safety impact evaluation in L3Pilot provides information on changes in the number of
traffic accidents by crash severity for EU27+3.
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The safety impact assessment provides information for three categories of crash severity
based on the severity of human injuries caused by the traffic accident. The three categories
are:
1. Accidents with one or more fatalities
2. Accidents with one or more seriously injured, but no fatalities
3. Accidents with one or more slightly injured, but no fatalities or serious injuries
In addition, we need information on a fourth type of crash severity, in order to provide a full
picture of the social costs related to traffic accidents:
4. Accidents with property damage only
Safety impact assessments are generally based on official accident statistics, which in turn
are based on all accidents that are reported to the police. Police-reported traffic accidents do
not, however, capture the real number of traffic accidents in society. Wijnen et al. (2017)
show that only 4 of the 32 European countries covered in their study have based cost
calculations on reported and unreported casualties and crashes.
It is generally accepted that the number of fatalities reported to the police, and hence official
statistics, equals the real number of accident-induced fatalities. However, for other accident
types, it is generally acknowledged that the number of accidents registered by the police
underreports the real number of accidents, and that underreporting increases with
decreasing severity of the accidents. This is the reason that the Handbook on external costs
of transport (van Essen et al., 2019) states that the number of serious injuries in official
statistics ought to be increased to reflect the real number of such accidents. The handbook
recommends that the number of serious injuries ought to be increased by 25% for all types of
vehicles except for motorbikes, which should be increased by 55%, whereas slight injuries
ought to be increased by 220% for motorbikes and by 100% for all other types of vehicles. As
underreporting increases with decreasing severity of the accidents, it is most severe when it
comes to the number of accidents with property damage only. These property damage
accidents are, however, not addressed in the safety impact assessment in L3Pilot, which
means that we have to consider how they may be quantified in some other way.
To calculate the social value of these impacts we need the standard unit cost of each of the
four categories of crash severity. When these standard unit costs are established, the social
value of traffic safety impacts can be calculated by multiplying the relevant standard unit cost
by the change in number of relevant incidents.

A4.2.2.2 Developing standard unit accident costs for EU27+3
Most countries have estimated standard unit costs related to accidents which are applied in
transport economic analyses. There is, however, no standard as to the types of costs to be
considered, and the methods applied to estimate such costs. Thus, the value of standard unit
costs differs quite substantially from country to country. This is evident from Table A 4.1,
listing the lowest and highest national standard unit value with regard to the severity of
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accident-induced casualties among the countries in EU27+3. The figures are derived from
Wijnen et.al. (2017),15 who collected information on the standard unit costs applied in socioeconomic analyses in EU27 and 5 other European countries.16 There are large differences in
cost units among the studied countries, which need further work to establish a basis for the
estimation of standard unit costs at the European level, as indicated in Table A 4.1.
Table A 4.1: Lowest and highest value of national standard unit costs by casualty severity in
socio-economic analyses of traffic accidents in EU27+3. €2015.
Lowest

Highest

Social costs per fatality

652,238

3,014,655

Social costs per serious injury

28,205

959,011

296

57,267

Social costs per slight injury
Source: Derived from Appendix E in Wijnen et al. (2017).

As already indicated, there are two main explanations for the huge differences revealed, and
which have to be taken into account in order to establish a basis for the estimation of
standard unit costs at the European level. This is because the countries do not include the
same cost components in the estimates. Therefore, Wijnen et al. (2017) have chosen
different methods to calculate the standard unit cost for each cost component.
Wijnen et al. (2017) discuss what cost components should be included to estimate total crash
costs and the appropriate method to estimate each of these cost components, which are in
accordance with international guidelines spelled out in Alfaro et al. (1994) and best practice.
The recommendations for each of the 5 major cost components which add up to total crash
costs are:
1. Human costs: This is a proxy for estimating the pain and suffering caused by traffic
accidents in monetary value. There are two main cost items: Human cost of fatalities
(lost life years) and Human cost of injuries (lost quality of life). It is generally
recognized among economists that willingness to pay (WTP) is the soundest method
to estimate human costs (Alfaro et al., 1994).
2. Medical costs: These are the costs of the victim’s medical treatment provided by
hospitals, rehabilitation centres, general practitioners, nursing homes, etc., as well as
the cost of appliances and medicines. The method to estimate medical costs is to
include the costs of medical resources that are needed to restore road casualties.
3. Production losses: These costs represent the lost output per casualty, either
permanently due to fatalities, or a temporary reduction in working time (hospital stay
and revalidation) and the human capital replacement costs. The method to estimate
production loss is to measure the value for society of the loss of productive capacities
due to traffic casualties.

15
16

The publication is part of the SafetyCube project, Safety CaUsation, Benefits and Efficiency.
The non-EU countries are Iceland, Norway, Serbia and Switzerland, in addition to UK after Brexit.
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4. Administrative costs: These are the costs covering the expenses of the deployed
police force, fire service and other emergency (non-medical) services that assist at the
crash location site. The method of estimating administrative costs is to calculate the
costs of resources needed to handle traffic accidents.
5. Material damage: This consists of the monetary value of damage to vehicles,
infrastructure, freight and personal property resulting from accidents. The method to
calculate the costs of material damage is to calculate the actual costs of repairing the
damage or replacing property.
Wijnen et al. (2017) also include Other costs, which mainly consist of accident-induced traffic
congestion, when calculating the unit value of total crash costs. This is an externality of traffic
accidents, which we have chosen to examine in the discussion of how ADF impacts traffic
flows. Thus, we have to exclude this component from the unit value of total crash costs which
we use in our analysis.
When countries lack relevant information, Wijnen et al. (2017) provide comparable estimates
by means of a value transfer method. This means that national crash cost values estimated
according to the standards outlined are applied to construct estimates according to the
recommended standards for countries that do not have figures consistent with the guidelines
or have no figures at all for some cost components. The value transfer is based on the
median value for the countries with unit cost estimates which fulfill the criteria of including all
relevant cost items and having them estimated in line with the recommended method. In this
process country values are calculated in Euro by applying the exchange rates of 2015 and
adjusted for country differences in price and income levels, i.e., Purchasing Power Parity.
This means that the estimates of standard unit costs at the European level are based on a
complete set of data from a limited number of the 32 countries that are included in the study.
In addition, the number and composition of countries vary for each of the main cost
components that are needed to estimate the standard unit value of total crash costs:
•
•
•
•
•

For Human costs, data based on the recommended willingness to pay method was
available for 16 countries.
For Medical costs, complete sets of data estimated in accordance with the
recommended method are available for all countries.
For Production loss, 13 countries have included market production loss based on the
recommended methodological approach.
For Administrative costs, complete sets of data are available for 8 countries.
For Property damage costs, data from 11 countries are used to provide estimates for
the other countries.

The calculations of Wijnen et al. (2017) do not take costs of funding into account. In
economics, it is widely accepted that there are costs associated with taxation due to how
taxation impacts the functioning of the economy. This means that costs related to services
funded over public projects are higher than the direct costs that are registered. Since the
occurrence of publicly-funded services varies significantly between countries, it would require
substantial work to take account of that in the cost estimates at the European level. Implicitly,
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Wijnen et al. (2017) have assumed that there is no cost difference between private and
public funding. We use the same assumption.
For most countries standard unit values are calculated by casualty severity, i.e., per person
either killed, seriously injured, or slightly injured. Table A 4.2 presents standard unit costs at
the European level according to this classification, as estimated by Wijnen et al. (2017).
These standard unit costs include the countries in EU27+3, which are covered by L3Pilot,
and Iceland and Serbia.
Table A 4.2: Standard unit costs for each cost component of total crash costs per casualty
by severity. EU27+5. €2015.
Casualty
severity

Human
costs

Medical
costs

Production
loss

Administrative
costs

Property
damage

Total
crash
costs

Fatality

1,587,001

5,430

655,376

6,346

11,555

2,265,708

Serious
injury

230,385

16,719

43,627

4,364

7,622

302,717

Slight
injury

15,597

1,439

2,669

1,876

5,317

26,898

Source: Table 6.2 in Wijnen et al. (2017).

These standard unit costs are estimated by applying a consistent and well-founded
approach, where estimates of national unit costs based on best practice are generalized to
calculate standard unit costs at the European level. The approach is also broadly recognized
and implicitly “approved” by higher authorities. The expert investigation commissioned by the
European Union’s Directorate General on Mobility and Transport (DG MOVE), in order to
provide a handbook on how to generate state-of-the art estimates of unit costs to calculate
the external costs of transport (van Essen et al., 2019), base their input on social costs for
the different cost components of accidents entirely on SafetyCube (Wijnen et al., 2017), with
one exception. “The only cost component in our calculation that is not based on SafetyCube
is the human cost, the largest part of accident costs” (van Essen et al., 2019, p. 36). Instead,
the standard unit value for human costs in the handbook is based on OECD (2012), which
estimates standard unit costs much higher than Wijnen et al. (2017). This is evident from
Table A 4.3 even though the values of SafetyCube are in €2015, while the values in the
handbook are in €2016.
Table A 4.3: Standard unit value for human costs by casualty severity in SafetyCube
and EU’s handbook.
SafetyCube €2015

EU’s handbook €2016

1,587,001

2,907,921

Serious injuries

230,385

464,844

Slight injuries

15,597

35,757

Fatalities

Source: Table 6-2 in Wijnen et al. (2017) and Table 6 in EU (2019).
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The handbook provides no reasons as to why they choose to recommend unit health costs
based on OECD (2012) rather than on the estimates of Wijnen et al. (2017) in SafetyCube,
even though all the other cost components of accident costs are directly adopted from
SafetyCube. In L3Pilot, we nevertheless follow the recommendation of the handbook
commissioned by EU’s DG MOVE. The reason is that we have decided to regard the
handbook as the most authoritative source for the standard unit costs that shall be included
in the evaluation of socio-economic impacts at the EU level. Then analyses are to be
undertaken to test the sensitivity of the results for the choice of standard unit health costs.
In L3Pilot, however, safety impacts are not measured by changes in the number of personal
injuries or by the severity of the injuries, which is most common in national transport
analyses. Instead, safety impacts are measured as changes in the number of accidents by
accident severity. This makes more sense since accidents are the incidents that create
casualties. It means, however, that the information in Table A 4.2 has to be transformed to fit
impacts measured as changes in the number of accidents by accident severity, and that we
have to adjust the values to a more recent price level. We choose the price level of 2020.
A4.2.2.3 Standard unit accident costs by accident severity
Fortunately, Wijnen et al. (2017) also provide estimates on standard unit crash costs by
crash severity. These estimates are based on standard unit crash costs per severity, type of
casualties, and information on the average magnitude and severity of casualties for each
type of crash severity:
1. Fatal crashes: A crash where at least one person is killed and others may be
seriously and slightly injured.
2. Serious injury crashes: A crash with no fatality, but where at least one person has
been seriously injured, and others may suffer slight injuries.
3. Slight injury crashes: A crash where no fatality or serious injury, but where at least
one is slightly injured.
Thus, crash costs are estimated by including all the 5 main cost components, allocating them
to crash severity based on the magnitude and severity of casualties per type of crash
severity. According to the handbook, we use the standard unit costs provided by Wijnen et.al.
(2017) for the different severity levels of crashes when it comes to Medical costs, Production
loss, and Administrative costs.
The handbook does not discuss standard unit costs for property damage for the different
levels of crash severity, as they regard the costs of property damage to be internalized
completely by the travelers. As far as we know, Wijnen et al. (2017) provide the most
thorough consideration of unit standard costs for property damage that is available on the
European level. Thus, we use these standard property damage unit costs for the different
categories of crash severity in our analysis. These unit costs for property damage have been
considered by experts in the motor insurance field and are considered reasonable in general.
Since we use standard unit value other than SafetyCube for health costs, we have to use the
information on standard unit health costs for each severity level of injuries in the handbook
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and calculate the standard unit value of health costs for each severity level of crashes. To do
so, we need information on the magnitude and severity of casualties for each level of crash
severity. This is the same challenge Wijnen et al. (2017) had when they were estimating
standard unit cost by crash severity. They found reliable information on the magnitude and
severity of casualties by levels of crash severity for only two countries (Greece and Norway)
and had to assume the average for these two countries (Table A 4.4) as representative for all
the other European countries.

Table A 4.4: Average number of casualties per crash by severity level.
Based on Greece and Norway.
Fatalities
Fatal crash

Serious injuries

1.1

Serious injury crash

Slight injuries

0.22

0.43

1.11

0.44

Slight injury crash

1.36

Source: Table 6-3 in Wijnen et al. (2017).

We choose the same approach when calculating the standard unit values for human costs by
crash severity from the standard unit health costs by casualty severity according to OECD
(2012). We do, however, have to recognize the weaknesses of this approach. We expect that
the composition of casualties for each type of crash severity differs between accidents
happening on motorways and in urban driving, but we have to treat them the same. Then we
also should acknowledge that a European average based on data from Greece and Norway
probably is misleading because their road systems feature fewer motorways than the
European average.
Nevertheless, the lack of relevant data forces us to calculate standard unit values in this way
in order to estimate human costs by accident severity. The estimates are shown in Table A
4.5, presenting the standard unit values for the different cost component and total unit
accident costs for each level of accident severity, which we apply in the socio-economic
analysis to evaluate the safety impacts as they are measured as changes in the number of
accidents by accident severity. All values are given in €2020, after using the GDP-deflator for
the European Union to adjust to the price level of 2020.17
Table A 4.5: Standard unit accident costs by accident severity at the European18 level.
Total crash costs and by major crash cost components. €2020.
Crash
severity

Human
costs

Medical
costs

Production
loss

Administrative
costs

Property
damage

Total unit
accident
costs

17

Theoretically, the GDP-deflator, which is close to inflation, is not the right deflator for the values of Human costs
and Production loss, as these values are closely linked to income generation. Hence, the deflator for these values
also should include a component of productivity (NOU 2012:16). This is, however, more important when adjusting
values over longer time periods.
18
The standard unit costs presented are based on information from 5 European countries in addition to EU27.
These are Iceland and Serbia in addition to the countries in EU27+3, which are covered by L3Pilot.
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Fatal
crashes

3,505,386

12,521

774,911

9,469

18,682

4,320,970

Serious
injury
crashes

562,017

20,403

53,554

5,918

11,867

653,760

Slight injury
Crashes

51,401

2,084

3,865

2,851

7,701

67,903

0

0

0

814

2,977

3,791

Property
damage
only

Source: van Essen et al. (2019) for the Health cost component, and Table 6.2 in Wijnen et al. (2017) for the Other
cost components. Updated to 2020 prices.

As already mentioned, the human costs which we apply in the analyses are higher than
recommended in SafetyCube by Wijnen et al. (2017), which is the direct source for all the
other cost components in total accident costs. The consequences of making this choice may
be investigated by conducting sensitivity analyses of this decision. The figures needed to test
the sensitivity of the results for this decision are found in Table A 4.6, where total unit
accident costs by accident severity are calculated when human costs are also calculated to
the recommendations in SafetyCube. It is evident that the differences in total accident unit
costs in Table A 4.6 are substantial and may easily alter conclusions that can be drawn from
the socio-economic impact analyses.
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Table A 4.6: Standard unit accident costs by accident severity at the European19 level.
Total accident costs by major cost components. €2020.
Accident
severity

Human
costs

Medical
costs

Production
loss

Administrative
costs

Property
damage

Fatal
accidents

Total unit accident
costs

1,927,082

12,521

774,911

9,469

18,682

2,742,666

Serious
injury
accidents

281,101

20,403

53,554

5,918

11,867

372,844

Slight
injury
accidents

22,591

2,084

3,865

2,851

7,701

39,092

Property
damage
only

0

0

0

815

2,977

3791

Source: Table 6.2 in Wijnen et al. (2017), updated to 2020 prices.

A4.2.2.4 Standard unit cost for parking-related accidents
Experts in the car insurance field consider the total crash costs for “property damage only” in
Table A 4.5 to be reasonable. It is, however, their judgment that the material costs for
parking-related accidents are about 75-80% of the total unit crash costs for accidents with
material damage only. Based on information from the Safety IA, the unit cost of parking
related accidents calculated from insurance claim data is estimated to €2,334. The reference
for this estimate is the presentation of the Safety Impact Assessment for the SP7 Workshop,
June 10, 2021. In this presentation the average cost in 2018 prices for Material own damage
claims was calculated to €2,231, which corrected for a slight mistake should be €2,263 20.
For Third party liability claims the average cost was estimated to €2,240. Based on this, the
average parking related cost is assumed to be €2,250 in 2018-prices. In 2020 prices, it is
€2,334.
A4.2.2.5 The frequency of accidents with property damage only
The safety impact assessment estimates the impacts of ADFs on injury accidents. No
estimate is provided for accidents with property damage only. Even though the unit cost for
accidents with property damage only is small compared the standard unit cost for injury
accidents (Table A 4.6), the numbers of such accidents are large, which means that they
should not be neglected in socio-economic impact considerations.

19

The standard unit costs presented are based on information from 5 European countries in addition to EU27.
These are Iceland and Serbia in addition to the countries in EU27+3, which are covered by L3Pilot.
20
In the presentation, the 2018 average has been presented in 2015-prices. Recalculating it to 2018-prices
increase the average cost estimate slightly.
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Based on the number of traffic accidents which Wijnen et al. (2017) applied in their value
transfer calculations,21 we have calculated the number of traffic accidents by accident
severity in EU27+ 3 (the three non-EU countries in L3 Pilot: Norway, Switzerland and the
UK). These calculations are presented in Table A 4.7.

Table A 4.7: Number of accidents by crash severity. EU27+3.
Fatal crashes
Serious injury crashes
Slight injury crashes
Property damage only
TOTAL crashes

EU27+3

%

25,324
237,779
1,434,369
16,440,574
18,138,046

0.14
1.31
7.91
90.64
100.00

Source: Calculated from country information in Wijnen et al. (2017), Appendix F Number of casualties and
crashes used in value transfer calculations.

As injury accidents, according to Table A 4.7, make up roughly 10% of all road accidents, we
multiply the number of injury accidents estimated by safety impact assessment by 9 to
estimate the number of accidents with property damage only that can be expected to be
affected by ADFs as well.
A4.2.2.6 Standard unit costs when considering Generalized Travel Costs
When focusing on Generalized Travel Costs, the standard unit costs applied must distinguish
between private costs, which the traveler internalizes in her/his considerations, and external
costs, which are costs from car crashes that concern the society. Van Essen et al. (2019)
state that it should be assumed that drivers consider all human costs of individuals inside
their vehicle as fully internal, while the human costs of other individuals affected by traffic
accidents are regarded as fully external. There are, however, no figures given to indicate the
average distribution of private and external costs as far as human costs are concerned.
Actually, in the table listing the external costs for all the major cost components of accident
costs (Table 6 in van Essen et al., 2019) all the human costs are listed as external, which is
not consistent with their principle consideration that all human costs affecting persons within
the vehicle are internalized. For the other cost components, van Essen et al. (2019) assume
that 50% of medical costs are internalized, and that the share of external costs is 55% for
production loss and 30% for administrative costs. All costs regarding property damage are
considered to be internalized as private costs by the drivers.

A4.2.3 Standard unit costs to measure the monetary value of travel time
Travelling does not contribute to welfare directly. On the contrary, it implies costs resulting
from the need to move between activities contributing to welfare. The cost of travelling
21

It is not clear if the number of accidents is based on numbers registered by the police, or whether
underreporting is taken into account.
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relates to the time it takes to travel to the destination, the value of time and the reliability of
the expected travel time.
The efficiency impact evaluation measures the impact of ADFs on travel time for motorway
driving and for urban driving. Then the changes in travel time due to ADF technology may be
transformed to a social value by ascribing a standard unit cost per hour of travel time.
The socio-economic relevance of ADFs with respect to travel time is not, however, limited to
travel time as such. It also relates to potential impacts of ADF on the reliability of
expected travel time. In addition, we also need to consider how ADF may impact the
value of time, i.e., the standard unit cost of travel time.
A4.2.3.1 Data on ADF impacts relevant for the cost of travel time
Travel time impacts may relate to the direct impacts of ADFs on traffic flow efficiency, and to
the indirect impacts through changes in traffic accidents, which can affect travel time through
accident-induced congestion. In one way or another these measures need to be transformed
to an annual change in hours of travel time with ADFs compared to the baseline traffic
situation.
The changes in travel time apply to users of ADFs as well as other vehicles in traffic. As the
value of travel time differs between different vehicles, or different modes of transport, we also
need information on the composition of the total traffic volume by different types of vehicles.
This is used for calculating the social value of such changes
The efficiency and environment impact assessment is also expected to provide information
on the standard deviation of expected travel time, and the total hours spent driving with
activated ADF.
Information on the standard deviation on expected travel time provides information relevant
for considering ADF impacts on travel time reliability and will in principle concern all vehicles
on the roads.
Information on the total time spent traveling with an activated ADF provides information
which can be combined with information from the users’ experience of traveling with ADFs
with regard to traveling quality and comfort and activities the driver is able to engage in while
traveling. This allows us to discuss how ADF may impact the cost of travel time, which is
relevant for ADF-equipped cars only.
A4.2.3.2 Estimating the standard unit costs of travel time
The impact of ADF on travel time concerns all vehicles, which means that the change in
travel time has to be aggregated over all vehicles. Then the socio-economic value of the
impact of the technology can be calculated by ascribing a monetary value per standard time
period of travelling, i.e., a standard unit cost of travel time for different types and modes of
travel.
The standard unit cost of travel time depends on the length and purpose of the travel and
has been calculated in different ways in literature. Short and long trips are measured in km
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divided into two or more categories, and they are measured in time it takes to travel. Trip
purposes can be grouped into commercial (business), commuting and other trips (personal,
leisure, holidays). Some studies specify how the standard unit cost of travel time differs
between trips at different times of the day, and it is generally acknowledged that the value of
travel time differs between the mode of transport (cars, trucks, buses, trains, etc.).
The Handbook on the external costs of transport (van Essen et al., 2019) provides
information on the value of time by purpose and country for short- and long-distance trips by
car (short distance less than 32 km; long distance more than 32 km). The purpose of the
travel is divided into travelling for business purposes, where commuting is included, and
travelling for personal purposes. In addition, the costs of travel time vary between vehicles,
where we, in addition to cars, include heavy goods vehicles engaged in road freight.
The handbook clearly reveals that the estimated costs of travel time vary significantly
between European countries. There is no investigation to explain these differences regarding
the way travel time costs are measured, or to harmonize methods to estimate these costs
across countries. The large country differences in standard unit travel time costs are
demonstrated in Table A 4.8, listing the lowest and highest standard unit cost among the 30
countries covered by L3Pilot, i.e., EU27 plus Norway, Switzerland and the UK.
Table A 4.8: Cost of travel time by purpose for short and long-distance trips by car
and for heavy goods vehicles’ long distance road trips.
€2016/hour per person for cars and €2016/hour per coach driver. EU27+3.
Lowest

Highest

Cars short distance <32 km (urban)
•

Business and commuting

6.5

34.2

•

Personal

3.0

15.8

Cars long distance >32 km (inter-urban)
•

Business and commuting

8.5

38.9

•

Personal

3.0

15.8

8.0

33.4

Heavy goods vehicle long trips

Source: Annex F Table 87 and Table 88 in van Essen et al. (2019).

Studies on the cost of travel time in transport economic analysis may detail cost estimates
even further. Standard unit travel costs often distinguish between three travel purpose
categories (business, commuting and personal trips), and different unit costs may be applied
for different traffic situations such as heavy congestion or free flow traffic, for different
characteristics of the travelers such as distinguishing between adults and children, between
working people and non-productive travelers such as students and retirees, and between
high- and low-income travelers (see, e.g., section 5.2.6 in VTPI, 2020).
For the purpose of the socio-economic evaluation of travel time impacts of ADF, we do not
need to go into such details. We base our unit costs on the information in the handbook for
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external costs of transport (van Essen et al, 2019). For simplicity, we choose to apply one set
of unit costs for all lengths of traveling. In practice, we choose the unit cost for long-distance
travelling, which means trips longer than 32 km.
We distinguish only between two purposes of travel. In contrast to the Handbook, which
classifies commuting as travels for business purposes, we classify commuting as travels for
personal purposes. In the former case, the alternative use of travel time for commuting is
expected to be business; in the latter the alternative use of time for commuting is leisure. We
consider that time to commute is to a larger extent spent at the expense of leisure activities
rather than at the expense of more time for productive work. In a way this also is consistent
with the user and acceptance surveys in L3Pilot, which indicate that time freed up from
driving with ADF is spent on leisure activities rather than work. See Deliverable D7.1
(Nordhoff et al., 2021).
Since the literature provides no estimate for EU27+3, we have used the information from the
handbook on the member states to calculate the median cost of travel time for these 30
countries, as well as the arithmetic average cost for the same countries (Table A 4.9).
Table A 4.9: Standard unit cost of travel time traveling more than 32 km by purpose of travel.
EU27+3. €2020/hour per person in cars and €2020/hour per heavy goods vehicle.

Median
Arithmetic average

Passenger cars
Business purposes
15.2
17.6

Passenger cars
Personal purposes
5.7
6.6

Heavy goods
vehicles
19.1
19.2

Source: Calculated from Appendix F in van Essen et al. (2019), Tables 87 and 88.

Neither of these estimates is high compared to previous studies. In euroFOT (2012), time
cost unit rates were presumed to be 20 €2010/hour per car and 30 €2010/hour per heavy goods
vehicle, which are significantly higher than in Table A 4.9. VTPI (2020, see Table 5.2.7,4)
summarizes typical values of time used for transport project evaluation in Europe. For
passenger transport in cars, business trips are valued to € 21 per person hour, commuting to
€ 6 per person hour and leisure to € 4 per person hour, while heavy goods vehicle transport
is valued to € 43 per vehicle hour. It is not stated what year the Euro value relates to.
However, these unit time cost estimates are presented with reference to publications in 2004,
which means that, according to the GDP deflator, they have to be increased some 35% to
reflect their values at the current price level, €2020. These values are definitely higher than the
unit costs in Table A 4.9 when it comes to passenger cars for business purposes and for
heavy goods vehicles, and at the same level as passenger cars for personal purposes.
As changes in travel time affect all vehicles in the same way, we need information on the
distribution of traffic volumes between vehicles (passenger cars, buses, light commercial
vehicles (LCV) and heavy goods vehicles (HGV) for motorways and for urban driving), the
average number of persons in cars and buses, and the purpose of their travel (business and
personal purposes, including commuting). As the Handbook on external costs of transport
has some authoritative status because it is commissioned and published by EU’s DG MOVE,
we use the standard unit costs for EU27+3 from this publication. We have chosen to make
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use of the arithmetic average. Ten percent of the traffic volume is made up by heavy goods
vehicles, 22% by passenger cars for business purposes, and 68% by passenger cars for
personal and leisure purposes. For passenger cars costs are calculated with 1.5 persons as
the average number of persons in the cars (Occupancy rates of passenger vehicles —
European Environment Agency (europa.eu).
A4.2.3.3 The social value of changes in the reliability of expected travel time
The efficiency impact evaluation is expected to provide information on the standard deviation
regarding travel time for the baseline and treatment scenarios. This is a way to measure the
impact of ADF on the reliability of expected travel time. It forms a basis for our consideration
of ascribing a social value to the documented change in predictability for the time of arrival
after a journey. We expected that impacts in this respect in one way or another could be
transformed to changes in minutes for a standard distance of travelling, and aggregated to
the macro level.
It remains to be seen how changes in travel time reliability actually will be measured in the
efficiency impact evaluation, and how it may be transformed to actual changes in additional
travel time which have to be incorporated when planning to arrive within a certain time after a
travel.
A4.2.3.4 ADF and the cost of travel time
When it comes to the costs of travel time, it also matters if ADF technology affects the hourly
cost of travelling. Such effects are relevant for ADF equipped cars only.
It is well established that travel time quality and the opportunity to engage in other activities
while travelling lower the marginal value of changes in travel time, and hence the cost of
travel time (International Transport Forum, 2019). In L3Pilot, the mobility impact evaluation
provides relevant survey data for the discussion of possible impacts of ADFs in that respect.
Such impacts will, however, only concern drivers of AVs when the ADF is in operation.
Based on the survey results, it is possible to evaluate if, and may be even to what extent, the
cost of travel time will be affected. Thus, the socio-economic impact evaluation of these
activities is subject to a qualitative evaluation.
A4.2.4 Standard unit costs to measure the monetary value of CO2 emissions
The evaluation of environmental impacts provides information on the annual change in CO2
emissions due to the implementation of ADFs in passenger cars. This is measured as the
annual change in tons of CO2. Thus, to calculate the monetary value of ADF-induced
changes in CO2 emissions, we need information on the standard unit cost per ton CO2.
A4.2.4.1 Estimating standard unit costs for CO2 emissions
From a welfare economics perspective, the standard unit costs regarding CO2 emissions
ought to be estimated by valuing all impacts of climate change. This is called a damage costs
approach, which means to calculate the total present value of future costs and benefits
related to the emission of CO2. In practice, however, estimating damage costs of climate
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change suffers severely from a number of uncertainties, which means that there is an
enormous spread in the estimates of damage costs.22
This is the reason the expert investigation commissioned by the European Union’s
Directorate General on Mobility and Transport (DG MOVE) recommends an avoidance costs
approach in the Handbook on external costs of transport (van Essen et al., 2019). The
avoidance costs approach means to estimate the marginal costs of achieving a certain level
of environmental quality, e.g., a required level of CO2 or greenhouse gas emissions.
According to van Essen et al. (2019) this can also be seen as a theoretically sound
alternative if the emissions target adequately reflects the preferences of society. Then it can
be used to derive the society’s willingness to pay for a certain level of reduction, at least if the
targets are confirmed by binding policies.
At the time the handbook was written, the EU’s policy target commitments were anchored in
•
•

A reduction of CO2 emissions by 40% compared to 1990 levels by 2030.
The Paris agreement, where the target mentioned to keep global warming below 1.5 or
2 Celsius degrees warming implies a target of 80-95% reduction in CO2 emissions by
2050 compared to 1990 levels.

Since then, the EU leaders have decided to strengthen the reduction target for CO2
emissions by 2030 from 40% to 55% compared to 1990 levels.
As part of these commitments the EU has established the European Union Emissions
Trading System (EU ETS) to enforce a system to monetize a cost for the emission of CO2.
This is based on the principle that polluters have to pay a price for their pollution by having to
buy quotas which allows them to emit a certain volume of CO2. The system has established a
market price for the emission of one ton CO2. The price varies over time. In 2020 it was
roughly €25.
If this market were perfectly designed to establish a cost that would reduce CO2 emissions to
the targeted level, the market price set by EU ETS could be considered to reflect the social
costs of CO2 emissions, which means it could have been applied as the standard unit costs
for such emission. The quota system is, however, far from perfect in that sense. It has been
established to introduce a cost to such emissions, and the system is designed to withdraw
quotas that can be traded. This means that the quota price will increase over time, which is
necessary to reach the reduction targets. The system also has to be expanded to introduce
costs for such emissions to all parts of the economy, and not just the sectors that currently
are included in the EU’s Emissions Trading System. This means that the current market price
for the emission of one ton of CO2 does not reflect the actual costs to meet the political
targets for reduction in the emission of greenhouse gases. Thus, the standard unit costs
should be higher than the quota price of €25 per ton CO2 to reflect the social costs of such
emissions.

22

van Essen et al. (2019) refer to Tol (2008), who conducted a meta-analysis incorporating 211 studies, which
shows that the values claiming to estimate unit costs according to a damage cost approach range from €1/t CO2
to more than €500/t CO2.
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Van Essen et al. (2019) did not conduct any separate studies to calculate the standard unit
cost for CO2 emissions according to the avoidance costs approach. Instead, they produced
an estimate after reviewing the literature and calculating an average of all estimates found.
The studies found in the literature typically operate with high, medium and low estimates for
the avoidance costs measured as €/ton CO2 equivalents, and the estimates are grouped
according to targets set for the short- and medium-term future (up to 2030), and for the long
run (2040-2060). The values recommended by van Essen et al. (2019) for both these time
perspectives were reached by calculating the average of all the medium estimates, excluding
the lowest and highest ones to eliminate outliers. This process was repeated for the low and
high estimates. The results are presented in Table A 4.11, where the €2016 values in van
Essen et al. (2019) have been updated to €2020 with the GDP-deflator.
Table A 4.11: Standard unit costs for greenhouse gas emissions measured as avoidance
costs in €/t CO2 equivalent. €2020.
Low

Medium

High

Short and medium run

63

106

200

Long run

165

284

526

Source: van Essen et al. (2019) Table 82 in Appendix D, updated with GDP-deflator for €2016.

As already mentioned, the EU leaders have strengthened the reduction target for 2030
compared to what it was when van Essen et al. (2019) wrote the handbook. The reduction
target has been increased from 40% to 55% compared to 1990 levels. This means that the
social costs of achieving this more ambitious target also should be revised, and that this
revision will lead to a higher standard unit cost than previously estimated. We do not know
how much, but if the costs of increasing the reduction target by 15 percentage points (from
40 to 55% relative to 1990 levels) reflects the costs of increasing the target for 2050 from 40
to 80-95% relative to 1990, i.e., with 40-55 percentage points, the medium value of standard
unit cost can be expected to be approximately € 150-170 in 2030, i.e., at the end of the shortand medium-term period.
The unit costs recommended in the Handbook on external costs of transport (van Essen et
al., 2019) are pretty much in line with Hoel et al. (2020), who have considered the standard
unit costs related to CO2 in socio-economic analyses of transport in Norway. They
recommend applying a standard unit cost for 2020 set to NOK 1,000/ton CO2 (€ 95/ton CO2),
increasing annually by 4% to reach NOK 1,480/ton CO2 (€ 140/ton CO2) in 2030 and NOK
3,243/ton CO2 (€ 310 ton CO2) in 2050.
In our opinion, the standard unit cost per ton CO2 that should be applied in the socioeconomic impact evaluation ought to reflect the estimated avoidance costs for the year 2020
rather than those estimated for decades ahead. Therefore, we follow the handbook’s
recommendation of a standard unit cost of 106 €/ton CO2 for the short- and medium-term
future.
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A4.2.5 Standard unit cost of equipping vehicles with L3 technology
The socio-economic impact evaluation is designed to consider the annual costs and benefits
of L3 technology from society’s point of view. This means that we need information on the
costs for society of implementing L3 technology in vehicles, and on the lifetime of each type
of ADF equipment in order to calculate the annual costs. In addition, annual capital costs will
be affected if ADF impacts the capital costs of holding a car beyond the costs of the
equipment.
A4.2.5.1 Calculation of annual costs
In principle, the annual costs of car ownership can be calculated according to the formula (I)
expressing the present value (PV) given that the lifetime of the vehicle is n years:
(I)

PV = 𝑃 + ∑=!-/

@,
(/BĊ ),

−

24
(/BC)4

Where:
P = price of car
C = costs to service and maintenance for the technology to work
R = rest value of the car
r = the discount rate
Then the annual cost (K) of holding the car over n years is expressed by formula (II):
(II)

C(/BC)4

K = PV(/BC)456

F/

Similarly, producer prices, expressing the costs for society of utilizing resources to produce
and maintain a car, may be applied to calculate the annual social costs from the society’s
point of view.
In the socio-economic impact evaluation, we are concerned with the cost differences
between cars equipped with ADFs and conventional cars. As we assume that the costs of
cars on average are the same except for the costs of equipping and maintaining L3
technology in the vehicle, we do not have to take the total costs of the two types of cars into
account. We may delimit the focus to the annual costs of ADF equipment over the lifetime of
the equipment, i.e., acquisition and maintenance.
A4.2.5.2 Lifetime of ADF equipment
The average lifetime of a car in Europe is roughly 15 years. It is not obvious, however, that
the lifetime of automotive components corresponds to the total lifetime of the vehicle without
extra efforts regarding maintenance or replacement of subcomponents. According to nondisclosed industry experts the requirement to equipment suppliers usually is to ensure a
lifetime of 10 years. They do, however, expect that the equipment may function over 15
years with some modest upgrading and maintenance. Thus, we choose to discount the
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additional costs for ADF equipment over a 15-year period, using a 3% discount rate in
accordance with the recommendation in the FESTA Handbook (FOT-Net and CARTRE,
2018).
A4.2.5.3 The cost of L3 technology from society’s point of view
The socio-economic impact evaluation ascribes social values to the impacts of ADFs on
transport (through safety and efficiency), the environment and other matters of relevance for
the society, and to the costs for the society of putting the technology into use. The social
value of these impacts has to be related to the costs for the society to achieve them.
As prototypes of ADFs already exist, the relevant costs for society to achieve these impacts
only concern the costs for production and installation of the relevant equipment with the new
technology. This means that the costs to develop the technology are sunk and should be
disregarded when considering the costs of implementing the technology from society’s point
of view.
The relevant costs for the socio-economic impact evaluation are the costs for all the
resources that original equipment manufacturers (OEM) use to produce the equipment and
gain a normal profit, and for the resources that vehicle manufacturers need in order to install
the equipment in vehicles. Policies regarding company secrecy as well as concerns
regarding potential allegations of engaging in collaborative and anti-competitive behaviour,
prevent the companies from disclosing information on producer costs and expected sales
prices.
Non-disclosed industry experts have, however, provided an expected cost estimate for each
of the ADFs, and for the three ADF types together. These estimates, presented in Table A
4.12 are given with an uncertainty of ±30% and are to be taken into account in the sensitivity
analyses.
Table A 4.12: Estimated producer unit costs for different L3 ADF systems, €2020.
Motorway ADF
Producer unit cost estimate

1,945

Urban ADF
2,025

Parking ADF
1,610

All ADFs
2,300

Source: Non-disclosed industry experts.

A4.2.5.4 The annual costs of equipping vehicles with ADF
The socio-economic evaluation is designed to consider annual values of costs and benefits.
This means that the estimated producer costs, as discussed above, must be decomposed to
annual capital costs by taking the lifetime of each of the ADFs into account. We have earlier
argued that 15 years seems to be a reasonable time period for such analyses. As we have
found no evidence which suggests that the cost difference between AVs and MVs is anything
other than the costs of acquiring and maintaining the ADF equipment, we may restrict the
calculation of annual cost of ADF to costs directly related to the equipment. Therefore, the
annual standard unit ADF cost can be estimated as follows:
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C(/BC)67

KADF = PCADF(/BC)67 F/
where:
KADF = annual standard unit ADF cost
PCADF = installment and maintenance of ADF equipment at producer costs
R = the discount rate
As PCADF includes maintenance costs in addition to the producer costs of the ADF systems,
we need to add the social costs for maintenance, including upgrading and replacement of
system parts, in order to calculate the annual unit cost of implementing ADFs. In lieu of more
exact knowledge, we have simply assumed that we can take account of these maintenance
costs by increasing the producer cost estimates in Table A 4.12 by 10%. In Table A 4.13, the
annual unit costs to have ADFs implemented are calculated by applying a discount rate of
3% and a 15-year time perspective.

Table A 4.13: Annual standard unit ADF costs for each ADF. Calculations based on different
inputs to producer costs and 3% discount rate.
Motorway
ADF
Annual standard unit ADF cost

179

Urban ADF Parking ADF All 3 ADFs
187

148

212

In the cost estimates above, we have implicitly assumed that there are constant returns to
scale in the production and maintenance of the ADF equipment. This can obviously be
questioned. However, according to our industry experts, essential components of the ADF
systems are already produced in large volumes which allow for the exploitation of economies
of scale. Even larger volumes will not allow them to benefit from exploiting unexploited
economies of scale, which means that this is not a serious concern.
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