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ABSTRACT 1 

This paper describes the vision a new EU Horizon-2020 project i4Driving, in which we aim to lay the 2 
foundation for a new industry-standard methodology for virtual assessment of automated driving systems 3 
(ADS) interacting with each other and human drivers. The two central ideas of this methodology are (1) a 4 
multi-level, modular and extendable simulation library that combines existing and new models for human 5 
driving behaviour; (2) an innovative cross-disciplinary methodology to account for the huge uncertainty in 6 
both human behaviours and use case circumstances. This methodology fully utilizes our existing 7 
understanding of vehicular interactions, the emerging traffic phenomena that result from these, and the 8 
uncertainty in both. A rigorous treatment of this uncertainty is crucial to assess how much of our confidence 9 
in simulation model inputs, parameters, and structure is justified. It also makes explicit how experts from 10 
different disciplines judge the outcomes and how justified the underlying assumptions in both quantitative 11 
and qualitative assessment methods really are. To make sure the project doesn’t die in good intentions, our 12 
methodology is based on principles of open science (e.g. building an open source library of behavioural 13 
models, sampling algorithms and most importantly, simulation scenarios for desktop, VR and field-testing) 14 
and supported by a consortium that spans the entire chain actors involved in the development of ADS with 15 
support from key partners in the EU, US, China, Japan, Australia and the UK.  16 

 17 
Keywords: Automated vehicles, traffic interactions, virtual assessment, standardisation, collaborative 18 
research 19 

 20 
  21 



Van Lint, Punzo, Montanino, Rodriguez   3 
 

INTRODUCTION 1 

Many transportation professionals, policy makers, and researchers expect Cooperative, Connected and 2 
Automated Mobility (CCAM) to reshape the way we travel and move. With CCAM, vehicles become better 3 
integrated into the mobility and transport system, its infrastructure, and the operations and services running 4 
on these (1). However, safe, and efficient coexistence of automated vehicles (AVs) and human-driven 5 
vehicles (HVs) poses unparalleled challenges to science, industry, policymakers, certification bodies, and 6 
testing organizations. Robust safety assessment of automated driving systems (ADS) in increasingly 7 
heterogeneous and mixed traffic is a pre-requirement for the responsible deployment ADS. This has 8 
motivated many international research initiatives to build the scientific and technical bases for consensus-9 
driven methodologies for ADS safety assessment, e.g., Ko-HAF (2) and PEGASUS (3) in Germany, 10 
Catapult in UK (4), or Streetwise in The Netherlands (5) to name a few.  11 

Since accident data about ADSs cannot be available before deployment, prospective safety analyses 12 
have been applied ranging from Naturalistic Field Operational Test (N-FOT) to virtual simulation-based 13 
assessment. The latter has emerged as the most promising approach since it overcomes known limitations 14 
of N-FOTs, which are resource demanding, they can be applied only at a mature development stage and 15 
provide a low/insufficient number of observed accidents (6). Simulation-based approaches have been 16 
therefore adopted in the international fora where safety standards of ADS are discussed, since they enable 17 
quantitative implementation of the two world-wide acknowledged principles in safety assessment of ADS 18 
(7) that is Absence of Unreasonable Risk (AUR) and Positive Risk Balance (PRB). 19 

A major challenge for virtual simulation assessment is to define a road safety baseline for human driven 20 
traffic, whatever the safety principle. In fact, as a starting point in the roadmap to zero fatalities (Vision 21 
Zero (8)), it is established that an ADS should be equally safe or safer than a current human driven vehicle. 22 
For instance, UN Regulation 157 on Automated Lane Keeping Systems establishes that ADSs shall be 23 
equally safe or safer than a “reference” human driver – the so-called “skilled and attentive human driver” 24 
(9). The way in which this safety baseline is established depends on the adopted approach to virtual 25 
simulation safety assessment i.e., a scenario-based simulation (e.g., approach A, B and C1 in the so-called 26 
PEARS approach (10), which stands for Prospective Effectiveness Assessment for Road Safety) vs. a 27 
traffic-based simulation assessment (approach C2 in PEARS).  28 

In a scenario-based approach the ADS is compared to a reference human driver in elementary safety-29 
critical scenarios (11). The safety baseline is given by the range of critical conditions that can be prevented 30 
by a human driver model (so-called “preventable” scenarios). Though these human driver models explicitly 31 
emulate complex human cognitive and control processes, they are tailored to the specific scenario under 32 
testing. For instance, in case of a traffic disturbance scenario like a “cut-in” maneuver, a human driver 33 
model is conceived to replicate just the required breaking maneuver in its short time span (see e.g., the 34 
“competent and careful human driver model”, (12); the RSS model by INTEL, (13); the FSS model by EC 35 
JRC, (14)). No mutual dynamical interaction with surrounding vehicles is modelled – since surrounding 36 
vehicle trajectories are given or, obey to pre-planned courses of action (see e.g., (15); OpenScenario® by 37 
(16); Automotive Simulation Models by (17); Scenario Description Language by WMG in (18)) – which 38 
makes these models unsuitable to capture the complex mechanisms at the basis of road safety. In addition, 39 
parameter values (e.g., perception delay or reaction time) for the reference human driver are drawn from 40 
distributions directly estimated from Naturalistic Driving Studies (NDS) or Driving Simulation 41 
Experiments (DSE), which usually include only a small number of critical events. Eventually, estimated 42 
distributions do not refer to the specific scenario under testing, but are unconditional distributions over a 43 
large variety of scenarios and driving situations. 44 

 The alternative traffic-based simulation approach (19) has the potential to solve many of the intrinsic 45 
limits of a scenario-based simulation assessment. Vehicles in a simulation are mutually interacting agents 46 
whose behaviors are modelled through heterogenous human driver models (heterogeneity stems from 47 
different model parameters values between agents). There is no predefined simulation scenario, but 48 
complex use-cases and scenarios are the result of self-evolving traffic dynamics, i.e., the emerging result of 49 
the simulation itself. In this approach, models would be required to sufficiently encode the complexity of 50 
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human driving over a long timeframe, ranging from non-critical to critical driving situations, and covering 1 
a span of driving behaviors from planning to operations with varying driver traits from aggressive to timid 2 
driving, under all sorts of possible distractions or impairments. Here, a safety baseline is difficult to 3 
establish in terms of a single human drivers’ capability to avoid an accident in a specific scenario, since it’s 4 
not a single model which governs the probability of an accident happening (or not). Rather, a safety baseline 5 
must be defined by aggregate metrics which express the safety level in terms of the traffic flow “as a whole” 6 
(e.g., the crash frequency over large numbers of simulations). 7 

This promising approach, however, is impaired by currently available models. So-called “traffic 8 
engineering models” for e.g., car-following and lane-changing (20) assume perfect human perception (of 9 
relevant stimuli), and optimal control (based on these stimuli). Thus, they inherently lack the capability of 10 
mimicking safety-critical driving behaviors and are therefore unsuitable to establish a credible human safety 11 
baseline in prospective safety assessment of ADS. Nonetheless, they have been proposed to generate 12 
vehicle dynamics of surrounding human-driven vehicles in simulation environments for ADS virtual testing 13 
(see e.g., CARLA simulator, which allows co-simulation with microscopic traffic simulation software 14 
VISSIM and SUMO, (21)), and are controversially applied in road safety studies to compute surrogate 15 
safety measures (22, 23). To overcome these structural limitations, several attempts have been made to 16 
embed human factors (HF) into engineering human driver models (see reviews in e.g. (20, 24, 25)). As 17 
mentioned, some of these augmented models have been used to simulate dynamic driving tasks in 18 
elementary use-cases, in PEARS.  19 

However, none of these models sufficiently explain and predict the heterogeneity and complexity of 20 
human driving behaviour at a level necessary to reproduce a credible human road safety baseline using 21 
virtual simulation. Traffic is a complex multi-scale phenomenon. Those simulated individual behaviours 22 
should produce credible interactions between multiple drivers and vehicles, whereas these microscopic 23 
interactions in turn should result in plausible traffic dynamics (congestion, queuing), and should generate 24 
near-critical and rare critical events with realistic frequencies, matching with real-world probabilities of 25 
(near) accidents. 26 

A final point that calls for a new approach is that there is limited awareness for, or at the very least 27 
limited application of, quantitative and qualitative methodologies that account for the huge uncertainty 28 
associated with simulating traffic dynamics, due the inherent uncertainty of the underlying process of 29 
vehicle and driver behaviours and interactions, and the limitations in how well, and to what degree we can 30 
observe and model these. 31 

PHILOSOPHY AND MAIN PRINCIPLES  32 

The central objective of the Horizon-Europe call (HORIZON-CL5-2022-D6-01-03) to which we 33 
submitted the i4Driving project to develop a robust and scalable reference model of human driving 34 
behaviour replicating the full performance spectrum of human drivers, which allows comparing the 35 
performance of an automated driving system in a specific situation to the human driver population.  36 

As we argued above, this is an unrealistic objective. There is no single behavioural model that captures 37 
the huge heterogeneity in human driving behaviours over all possible circumstances. There are in fact many 38 
different schools of thought when it comes to modelling driving behaviour with varying degrees of validity 39 
over different domains of operations (OOD’s) and circumstances, and for answering different types of 40 
research questions—see e.g. (20, 26, 27) for overviews on modelling longitudinal driving behaviour and 41 
e.g. (28-32) for reviews on modelling lateral behavior.  42 

Objectives of i4Driving 43 
A more realistic approach therefore is to view behavioural models including different possible settings 44 

of their parameters as alternative hypotheses for the responses of (human) drivers, and by extension, to 45 
view predicting traffic interactions through simulation with those models (over different circumstances) as 46 
probabilistic inference. This inference does not lead to crisp answers, but to posterior distributions of 47 
plausible outcomes. From these meaningful risk and safety assessment is possible. This leads to our two 48 
main objectives:  49 
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First, we aim to develop a library of credible models of heterogeneous human driver behaviours 1 
including plausible parameter sets or bounds. Second, we aim to develop an innovative methodology to 2 
account for the huge uncertainty in both human behaviours and use case circumstances. 3 

A new library doesn’t (necessarily) mean new models. It means a combination of whatever models are 4 
suitable and valid for the task at hand in combination with new models that cover critical phenomena current 5 
models cannot reproduce. Such a library of models can be applied in both scenario-based and traffic-based 6 
simulations. In both cases, an ensemble (rather than specific instances) of models adds heterogeneity and 7 
complexity of the road traffic system into simulation. Adding sufficient heterogeneity does justice to the 8 
diversity of human driving behaviors and drives the occurrence of both “uncritical” and safety critical 9 
situations in daily traffic. Sufficient system complexity is needed to make a robust and meaningful analysis 10 
of road safety. Take for example an AV safety assessment in a cut-in scenario.  Just verifying that the ego 11 
vehicle can avoid an accident is a partial and eventually a myopic assessment, since the possible 12 
consequences of the manoeuvre for following vehicles should also be verified. Recent research has shown 13 
that (some) commercial ACC are string unstable (33), in other words, they may cause disturbances and 14 
ultimately accidents. Consequently, string stability has been introduced as an AV requirement (9). In this 15 
example, it is the specific combination/sequence of heterogeneous behaviours and performances that 16 
determines whether a disturbance is amplified or dampened in a platoon of vehicles (possibly leading to a 17 
crash).  18 

Main principles of i4Driving 19 
Thus, although CCAM, and particularly ADS development, is an engineering and design challenge in 20 

which both the automotive and OEM industry, and public organisations invest and have invested already 21 
billions of euros, safe and efficient large-scale uptake of this technology requires addressing fundamental 22 
gaps in our knowledge. These gaps relate to interactions between multiple AV’s and HV’s under many 23 
different circumstances, and the emerging traffic and traffic safety consequences. Therefore, at its core, the 24 
governing principle of i4Driving is to simply follow the scientific method (FIGURE 1), that goes from data 25 
to patterns and hypotheses, via experimentation to theories, simulation models and predictions, which need 26 
to be validated with new evidence (data).  27 

 28 

 29 
FIGURE 1: Philosophy and overall principles of the i4Driving project. CCAM stands for connected & 30 
cooperative automated mobility. 31 
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METHODOLOGY AND INNOVATIONS 1 

It is not straightforward to translate this cyclic and messy (in the sense that evidence, rather than a 2 
predefined playbook is followed) philosophy into a 3-year project with clear-cut work packages, milestones, 3 
and deliverables. FIGURE 2 shows the work package structure we came up with. Below we first describe 4 
the methodology and subsequently highlight the key innovations we hope to achieve within the 3-year 5 
project duration. Note that in FIGURE 2 and below we abbreviate work packages as WPx and innovations 6 
as INNOx, with x an integer labelling the respective work packages and innovations. 7 

 8 
FIGURE 2: Translation of i4Driving philosophy into a methodological workflow for a 3-year project. 9 

Overall methodology of i4Driving 10 
We consider two model development cycles in the project. In the inner model development process 11 

that will directly start (this is the yellow loop in WP2), existing datasets from different sources (L3PILOT, 12 
HI-DRIVE, UDRIVE, levelXdata, high/in/roun/exi-D, NGSIM, SafetyPool™, SHRP2 NDS, NADS ADS 13 
for Rural America) will be harmonized (in terms of semantics and format) and used for hypothesis 14 
generation and (subsequently) model development. To this end we will use state-of-the-art data mining 15 
techniques will be developed (INNO1), to unveil patterns; formulate plausible hypotheses in these data 16 
related to human (and external) factors and driving behaviours, and to identify model requirements. This is 17 
the central task of WP1. This inner model development process will move from conceptualization to 18 
calibration and validation, through computer code implementation, which is the central task of WP2. The 19 
key innovation lies in augmenting existing human driver models with a 4D cognitive layer (INNO2). The 20 
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multi-disciplinary iterative development process – which draws from Human Factors, Road Safety, Traffic 1 
Flow Theory, Psychology, Artificial Intelligence, Statistics, Mathematics and Social Science and 2 
Humanities – will abide by the social norms of sensitivity auditing (INNO7). Techniques for global 3 
uncertainty and sensitivity analyses will drive the comparison of different modelling assumptions and 4 
formulations.  5 

The outer model development process (light blue filled loop) is fed by experimental data collected at 6 
a later project stage using the 7 driving simulator facilities in our consortium (FIGURE 3(a)). Key to 7 
designing the experiments are the hypotheses resulting from INNO1; and new methodologies we will 8 
develop to identify relevant use-cases and safety critical scenarios, and to automatically generate critical 9 
driving situations in driving simulators (INNO3-4). To make efficient use of existing facilities, (i.e. 10 
simulators with different degrees of freedom (6/8) and diverse software), a methodology to standardize 11 
experiments will be developed (INNO5). Gathered data will be applied to encode the heterogeneity of 12 
driving behaviours into the probabilistic structures of the devised human behavioral models (WP4, INNO6). 13 

Rigorous assessment of the credibility of the developed models will be pursued along the entire model 14 
development process and will substantiate into two main validation methodologies. First, a Turing test of 15 
the i4Driving library of models will be carried out in connected driving simulator experiments (at VTI) to 16 
assess the plausibility of models in virtual driving experiences (INNO8). Second, a quantitative validation 17 
in trace-driven traffic simulation will aim at assessing the realism of i4Driving model-based inference 18 
against real-world measurements. These will include data gathered in specifically designed real-world 19 
experiments, in either or both urban and freeway ODDs in WP5, using the field lab facilities in FIGURE 20 
3(b).  21 
 22 

(a) Driving simulator facilities 

 

(b) Field labs  

 
FIGURE 3: Experimental facilities available in i4Driving. 7 driving simulators (VTI Sweden, CTAG Spain, 23 
Tongji University Shanghai, NADS Iowa US, UNINA Italy, TUM Germany, UQ) and 3 field test labs (TUM, 24 
CTAG, and RDW Netherlands) 25 

The impact of the resulting epistemic and aleatory uncertainty on model accuracy and predicting power 26 
will be quantified by means of a two-level probabilistic validation framework at multiple scales i.e., vehicle 27 
dynamics, traffic flow and road safety (INNO9). Herein, epistemic uncertainty pertains to modelling 28 
abstractions and errors and to limitations in data coverage (in the evidence for the assumptions made); 29 
whereas aleatoric uncertainty pertains to fundamental uncertainty in the underlying real-world process, i.e. 30 
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in driving behaviours and the resulting interactions. Five demonstrators will allow evaluating and 1 
comparing the i4Driving library of models with state-of-the-art models in target applications involving 2 
main stakeholders from the CCAM world e.g., automotive industry, type-approval and certification 3 
authorities, regulatory bodies, and insurance companies (WP6). 4 

Finally, critical to the project success are the transparency and reproducibility of projects result. 5 
Sensitivity auditing, which openly includes and invites the gaze from social sciences on model development 6 
activities, will ensure that concerns about fair and reproducible modelling are taken onboard (WP2 & WP7). 7 

 8 

i4Driving innovations 9 

In the workflow described above we refer to the several innovations, which we will describe briefly 10 
below.  11 

INNO1 – Existing and new data mining techniques will be applied to identify key causal relationships 12 
between key human factors and safety-critical driver behaviours from NDS and DSE data, at the level of 13 
specific driving situations. We will utilize well-known feature selection techniques via regularized 14 
regression tools (LASSO regression, elastic net regression), Random Forests, subset selections, and global 15 
sensitivity analysis. With regard to sensitivity analysis, one key idea is to make use of a sensitivity measure 16 
known as total order sensitivity index (34). Also, unsupervised learning tools will be used and implemented 17 
to investigate heterogeneity. 18 

INNO2 – Augmenting available models with a 4D cognitive layer. This innovation is based on three 19 
ideas brought together in the multi-level simulation framework schematically outlined in Figure 2 (adapted 20 
from (25, 35). The first idea is that (FIGURE 4A) human drivers also accelerate (decelerate) in response 21 
to what happens in their side and rear-view mirrors (36-39). To validate this idea in which drivers “get or 22 
stay out-of-the-way” due to “social pressure” from upstream vehicles (39) in the same or adjacent lanes, 23 
we require evidence from existing data sets (WP1), and from controlled experiments (WP3, WP5). The 24 
second key idea is to relax the assumption of collision-free operational driving (FIGURE 4B). This goes 25 
further than compensating “destabilizing effects of reaction times and estimation errors” with “spatial and 26 
temporal anticipations” (40). Drivers may also (dynamically) adjust traits such as desired headway or 27 
desired speed (24, 25, 35) to increase time-to-collision or defer tactical decision making. Systematically 28 
disentangling HF dynamics from ideal driving behaviour therefore offers a complimentary (endogeneous) 29 
modelling path to conceptualize intra- and inter-driver heterogeneity (24, 25). This, however, further 30 
necessitates the need for rigorous statistical techniques (e.g. (41-43)) to construct realistic confidence 31 
bounds based on evidence, be it from data or expert opinions.  32 

The third key idea is that we also explicitly disentangle the driver and the vehicle, i.e., behaviour 33 
(FIGURE 4A-C) and mechanics (FIGURE 4D). Clearly, this is not a new idea, however, in many simulation 34 
models, mechanical and behavioural components are combined in a single modelling framework leading to 35 
confounds in identification, calibration and validation. For this project decoupling the driver and vehicle is 36 
therefore crucial: (a) it prevents us to falsely attribute dynamics due to vehicular inertia; (b) it forces us to 37 
harmonize driver-vehicle models in 2D traffic simulation (typically most emphasis on behaviour) with 38 
driver-vehicle models in VR simulations (typically most emphasis on mechanics); and (c) thus helps us to 39 
seek parsimonious models that can be applied in both 2 and 3D spaces. Since a prototype implementation 40 
is already available (www.opentrafficsim.org) we have a flying start. 41 

INNO3 – A methodology to identify relevant use-cases and safety-critical scenarios. Across the 42 
industry and academia, four abstraction levels of scenarios have been identified for the development and 43 
testing of CCAM applications, they are functional, abstract, logical, and concrete scenarios (18). To work 44 
with simulation-based assessment we identify three key challenges for which the i4Driving consortium 45 
needs to come up with combinations of existing and innovative approaches: 1) how to derive functional 46 
scenarios, 2) how to generate meaningful logical scenarios, and 3) how to identify meaningful parameters 47 
values for concrete scenarios utilizing all the available data, particularly accident databases (44). In addition, 48 
other data sets such as insurance claim records can also be used to form a richer set of use cases. To generate 49 
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logical scenarios, existing methods using constrained randomization (45) and ontological based keyword 1 
detailing (46) need to be further refined. Similarly, to generate meaningful parameter combinations for the 2 
concrete scenarios from logical scenarios, computationally feasible optimization methods are required (47).  3 

 4 
FIGURE 4: Multi-level simulation framework. (AV = automated vehicle; HV = human (driven) vehicle. 5 
Graphics adapted from (25, 43)). 6 

INNO4 – An approach to automatically generate critical driving situations. To obtain challenging 7 
situations for VR and field lab experimentation and learn crucial lessons about how real humans respond 8 
to such situations, traffic rules need to be formalized along with measures to estimate the degree of traffic 9 
rule compliance (48, 49). This includes the obvious rule of not crashing into any other traffic participant—10 
something that is not a given in many VR environments. These measures make it possible to control the 11 
criticality for automatically synthesized test cases and their evolution. To this end we will further develop 12 
an unambiguous specification format specified as a sequence of desired scenes, where each scene is 13 
specified by predefined predicates, building on the work in (50). This sequence of scenes can also be 14 
enriched by temporal logics for more sophisticated specifications. Based on this formal specification, we 15 
will synthesize the initial scene starting from scenes in our CommonRoad database (51). After extracting 16 
initial scenes that are relevant for the scenario specification, we optimize the initial states of other traffic 17 
participants and the ego vehicle (52). Based on the initial optimization using reachable sets, we can then 18 
optimize the behaviour of surrounding traffic participants within their reachable set to challenge human 19 
drivers using falsification techniques (53), which will create driving inputs to surrounding traffic 20 
participants such that the human driver will likely cause a crash or violate a traffic rule. We will investigate 21 
two novel approaches for challenging the human driver. Our first approach automatically identifies sets of 22 
states for which the specification is violated and uses path planning algorithms to reach those states without 23 
having to use an optimization algorithm. Our second approach will use optimization techniques to minimize 24 
the robustness value of the specification. As soon as the robustness value becomes negative, the 25 
specification is falsified. Note that while we try to challenge the human driver, we will also comply with 26 
the scenario specification. 27 

INNO5 – An approach for standardization of experimentations on different driving simulators, to 28 
combine results from different experiment sites. Standardizing complete experiments requires 29 
standardization of many individual parts and data sources of a driving simulator, see e.g., OpenDRIVE 30 
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concerning the road network (54), which has been recently complemented with further standards such as 1 
OpenScenario and OpenODD. In addition, standards that describe the experiment itself (e.g. demand 2 
settings, events, etc) are needed in case the same scenario is run in different driving simulators. It is 3 
conceivable some settings may have to differ between (static, dynamic, 6/8 DOF) simulators due to e.g. 4 
risk on motion sickness (55). Our initial idea to transfer experiments between the 7 simulators of i4Driving 5 
is to follow this structured approach: i) select a combination of standards to use to ensure that experiments 6 
can be transferred between driving simulators and that the resulting simulator data output is annotated in a 7 
standardized way; ii) where standards are lacking, extend/develop them; iii) mine data of a preliminary 8 
experiment run in different sites and compare patterns to identify issues and verify whether results can be 9 
combined; iv) where needed, refine standards and iterate.  10 

INNO6 – Robust methodology to encode driver heterogeneity into probabilistic human behavioral 11 
models. As argued many times above, the heterogeneity of drivers and vehicle performance is the essence 12 
of traffic. Encoding this into our library of models is critical to the ability of these models to capture 13 
uncritical driving conditions – which lead to common traffic characteristics – and near-critical conditions 14 
– which can result in accidents. For credibility, the ultimate objective of this encoding process is to make 15 
the model output uncertainty resemble the uncertainty in real driving and traffic. To this end, research in 16 
multi-agent traffic simulation has investigated methods for the calibration of complex and over-17 
parameterized models, in order to mimic observed traffic characteristics, e.g. trajectories (56). As argued 18 
in INNO2, since “engineering” models for driving behaviour are unable to reproduce plausible unsafe or 19 
near-critical conditions (because they mimic idealized collision-free behaviour) endogenous mechanisms 20 
are needed to predict accident statics. However, this comes at the price of potentially overparameterized 21 
models, for which—at least in most field data—no sufficient evidence is available. Therefore, advanced 22 
approaches are needed to gauge the credibility of such parameterizations, for example based on the inverse 23 
analysis approach in (43), in which an empirical pdf of agents’ parameters is obtained through 24 
nonparametric estimation of each agent against its own observed trajectories, in which also parameter 25 
correlation structures play a crucial role (42). Efficient Monte Carlo techniques will be applied in the 26 
parameter pdfs estimation to reproduce the posterior distribution of Extreme Value Theory (EVT) models 27 
(e.g., (57)), and ensure plausible accident rates in simulation. Tools from artificial intelligence (e.g., a 28 
combination of knowledge and data-based Bayesian networks) will be applied to reconcile the estimated 29 
probability distributions with the observed value of model parameters (from NDS, DSE, field experiments), 30 
to avoid internal compensation among parameters. 31 

INNO7 – “Modelling of the Modelling Process”. The philosophy adopted in i4Driving is that models’ 32 
assumptions and limitations must be appraised openly and honestly: process and ethics matter as much as 33 
intellectual prowess. To develop a library of models that are accessible, well-documented, transparent, 34 
realistic, trustworthy, plausible, and ultimately credible, different strategies and tools will be implemented. 35 
Global uncertainty quantification and sensitivity analysis, with their vast array of techniques, estimators, 36 
and sampling strategies (variance-based methods, distribution free methods, active subspaces, given data 37 
sensitivity analysis, use of scrambled quasi-random sequences) will aim at the goal of realism. To achieve 38 
plausibility and credibility the needed extra gear will be provided by sensitivity auditing and its ‘Modelling 39 
of the Modelling Process’. In this approach an extended peer community (58) will be mobilized to map the 40 
space of the assumptions underpinning the models developed, as well as to act as a judge of the quality of 41 
the proposed solutions, through a series of knowledge building and exchange interactions. Preference 42 
learning-based tools will be used in this stage to rank and identify the solutions (see, for example, (59-61), 43 
providing a model that is a simplification of the reality at the same time not too simplified. 44 

INNO8 – Turing test of i4Driving library of models in DSE to challenge the ability of human drivers 45 
to distinguish real human-driven vehicles from i4Driving-driven vehicles in surrounding traffic. A version 46 
of a Turing’s imitation game was used in (62), to investigate whether human drivers can distinguish 47 
between the behavior of an Autopilot and of human drivers in a lane-change test by showing videos from 48 
real lane changes. In i4Driving we will extend this approach by letting participants in a driving simulator 49 
interact with vehicles controlled by either a real human driver (via another driving simulator) or by the 4D 50 
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human driver model. We will thus evaluate how plausible – in a DSE – the behaviour described by the 1 
i4Driving library of models is perceived. This perceived plausibility will be evaluated by participants acting 2 
both as drivers and as passengers. Additionally, similarly to what happens for a novice driver’s examiner, 3 
the participant will judge the driving behavior of its vehicle. To this end, a driving simulator experiment is 4 
designed in which two or more driving simulators are connected, based on the approach developed in (63).  5 

INNO9 - A probabilistic framework to validate i4Driving models at multiple scales. Quantitative 6 
validation (i.e., quantitative assessment of how much computational simulation results agree with empirical 7 
data, see (64)) is generally achieved through a hierarchical approach, where the model accuracy is 8 
quantified at different tiers of system complexity (see e.g., unit problems, benchmark and subsystem cases, 9 
complete system). As far as available human driver models are concerned, extensive validation has been 10 
performed against specific vehicle dynamics “separately” (car following, gap acceptance, lane change 11 
execution, etc). However, since traffic, as well as road safety, is a collective phenomenon that emerges from 12 
interactions of individual vehicles, we cannot avoid a quantitative validation of human driver models in a 13 
traffic simulation environment i.e., when these models interact with each other in a heterogenous multi-14 
agent simulation. Overall, the models’ ability to give rise to realistic frequencies of uncritical and near-15 
critical maneuvers, or crash rates, is essential to establish a baseline for human driving road safety. To this 16 
aim, we will develop a methodological framework for quantitative validation of human driver models at 17 
multiple scales based on a two-level probabilistic approach (42, 65). In this framework, model inferences 18 
produced by a two-level sampling (i.e., parameters, and pdfs’ parameters) are compared to empirical 19 
evidence, to verify models’ accuracy. Since accidents are extreme events, state-of-the-art techniques will 20 
be compared with innovative approaches for extreme-value sampling, which are needed to estimate the 21 
(posterior) probability distribution of a collision under specific circumstances. Trace-driven simulations, 22 
i.e., feeding the model with the exact same inputs observed in real world, will be applied to ensure a fair 23 
evaluation of models (56).  24 

DISCUSSION AND OUTLOOK 25 

Of all the (R&D-type) EU projects the authors have been fortunate to participate in, this project, at least 26 
at the onset, has by far the most fundamental science (stuff we really don’t know yet) in it. This plays to 27 
the strengths of many partners. The scientific method is incredibly successful in propelling technology 28 
forward because it constitutes a positive feedback-loop, that goes round and round from new and improved 29 
ideas and theories to more evidence and better applications and so forth. Particularly experimentation and 30 
failure are key drivers that accelerate this process. However, automated vehicles need to operate in traffic, 31 
interacting with a huge variety of other vehicles (automated and human-driven) under hugely heterogeneous, 32 
ill-predictable, and uncertain conditions. Statistically, traffic accidents are rare events. The reality is that 33 
traffic is in the top ten causes of death worldwide, even number one for young people (in 2018 (66), the 34 
situation has only marginally improved). There is thus little room for experimentation when it comes to 35 
traffic safety, and failure is either not an option or a potential R&D showstopper.  36 

We believe this has—at least partially—to do with unrealistic expectations of ADS technology itself, 37 
and of the degree in which ex-ante assessment of this technology can sufficiently predict the efficiency and 38 
safety consequences of ADS in mixed traffic. Traffic—even if largely automated—is a complex system 39 
that involves many interactions and a huge number of degrees of freedom. Although simulation using 40 
sufficiently sophisticated behavioural models is the logical way to go here, without proper quantification 41 
of the (large) uncertainty around predictions of safety consequences, and without some humility about how 42 
well we can predict and cover these future interactions in the first place, simulation will not get us far.  43 

We are very grateful to the CCAM partnership under Horizon Europe to support the ideas we have put 44 
forward in our proposal. The most important one is that this huge uncertainty in interactions and (ODD) 45 
circumstances needs to be accounted for through principled methods. We believe the i4Driving library of 46 
models can lay a foundation for a new standard for CCAM assessment methodologies with which the 47 
automotive and OEM industry, regulatory bodies, service providers, road operators and research 48 
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community at large can systematically work together to accelerate the uptake of CCAM technologies and 1 
improve our understanding of how these can be designed to improve traffic safety for all drivers.  2 

By sufficiently covering the “performance spectrum of human drivers in simulations of critical (and 3 
other) situations, a comparison between ADS and a representative sample of the HV population becomes 4 
possible. This will provide the basis for a common understanding of the required safety and reliability level 5 
of CCAM” (CCAM SRIA, 2021). Ultimately, developing this simulation capacity may be a crucial 6 
steppingstone for large scale systematic evaluation and regulation of ADS, for example in the form of a 7 
“drivers’ license for AVs”. 8 
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