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1.3. Target audience 
This deliverable will be disseminated publicly informing all interested stakeholders about identified 
user requirements and technical use case definition. These stakeholders include (but are not limited 
to) active mobility users interacting with AI-based CCAM solutions, users (or potential users) of self-
driving vehicles, decision makers or planners, and developers of AI-based functionalities for CCAM 
applications and services. 

D1.2 will guide AITHENA use cases based on the identified requirements, and foster deployment of 
the use cases in the dedicated demonstrator platforms.   

1.4. Structure of the deliverable 
This deliverable is structured into 5 chapters with corresponding description as follows: 

- Chapter 1 introduces the AITHENA project with WP1 activities linked with the development 
of the deliverable, defining its objectives, target audience and structure.  

- Chapter 2 focuses on the identification of gaps from the literature focusing on the 
understanding of user perspectives towards autonomous vehicles and artificial intelligence. 
This involves introduction to the methodological approach involving survey and workshops. 

- Chapter 3 addresses the methodological approach to collect perspectives from the public 
involving different stakeholder groups on the implementation of Cooperative, Connected 
and Automated Mobility (CCAM) solutions. The identified user groups and their needs, 
expectations, and concerns towards the self-driving vehicles (as defined in the chapter) will 
further detail the AITHENA use cases (defined in the next chapter). 

- Chapter 4 describes the technical use cases in AITHENA, addresses their corresponding 
strategy (including the rationale, objectives, approach, challenges, and risk), solution 
(including functional description, key technologies/AI-based models, scope and restrictions), 
scenarios, and requirements (including functional data requirements, operational 
requirements, legal requirements, and useability & human interaction requirements).  

- Chapter 5 concludes the understanding of the use cases reflecting upon the identification of 
the user group requirements and its definition.  
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2. CONCEPT AND METHODOLOGICAL APPROACH 
 

This chapter focuses on the identification of gaps from the literature focusing on the understanding 
of user perspectives towards autonomous vehicles and artificial intelligence. This is followed by 
addressing a methodological approach which the deliverable follows post identification of key gaps 
from the literature. This in taken into consideration for the development of the public survey via 
workshops with the AITHENA partners (addressed in the chapter section), followed by the description 
of the four use cases via template with corresponding guiding questions.  

2.1. Identified status quo from literature  
A paradigm shift is taking place within the context of automation, with hybrid vehicles, autonomous 
and automated driving. The Society of Automotive Engineers (SAE 2021) classifies automation of 
vehicles into 6 levels with vehicles classified between SAE level 3 (i.e., conditional driving automation) 
and SAE level 5 (i.e., full driving automation) as Autonomous Vehicles (AVs). With the onset of new 
sensor technology and artificial intelligence (AI), AVs will relieve advanced driver assistance systems 
(Jarosch and Bengler 2018). This will introduce solutions and a new set of challenges to adapt, for the 
people using or interacting with it directly or indirectly. Focusing on the autonomous vehicles, future 
opportunities, barriers, user acceptance and public opinion needs to be addressed to reflect the status 
quo and ease of transition to AI via human-centric approach.  

Parida et al. (2018) in their study reflect upon the advantages, opportunities, challenges, and user 
acceptance in relation to autonomous driving. Major challenges included ethical issues, cyber 
security, road infrastructure, and transition and regulatory needs. Within the aspects of user 
acceptance, based on numerical evidence from multiple reference studies, concerns amongst the 
users were identified (especially in developed countries) in reference to cybercrime, safety, legal and 
data issues. Some of the findings suggested how the public opinion was split with the positive and 
negative attitude towards autonomous driving. Reflecting upon the practical implications (Du et al. 
2021), distrust towards AVs can be one of the biggest obstacles to the large-scale adoption of these 
vehicles. One of the reasons is less exposure to self-driving vehicles and the public relying on the mass 
media reports on these vehicles (which include negative reports). In addition, concerns over reliability 
of AVs in dangerous situations does not support the adoption of the technological advances (Liljamo 
et al. 2018) due to the negative attitude towards AVs.  

Considering attitude towards self-driving vehicles, research shows variation across gender, age, and 
socio-economic factors. The study by Wang et al. (2020) reflects how, despite the wide variation in 
survey protocols and locations, a form of consensus was observed considering attitudes and 
demographic associations with AV perceptions. Considering different user profiles, men, early 
adopters of technology, tech-savvy groups who are aware of AVs and urban dwellers have a higher 
tendency to use or own an AV. The study also reflects upon the attitudinal factors influencing 
acceptance towards AVs (ranging from privately-owned vehicles to shared vehicles such as taxis). 
These attitudinal factors relate to technology acceptance, risk-taking, traffic regulation and driving 
enjoyment. While the results surrounding driving enjoyment shows no significant relationship with 
attitude towards AVs, the study from Asgari and Jin (2018) reflects that people who enjoy driving are 
less likely to adopt an AV. This shows contradictions in the attitudinal dimension of driving enjoyment. 
The results from Wang et al. (2020) also showcase how large fraction of population was not ready to 
use an AV without a driver and showed reluctance to share a ride in an AV vehicle (such as shared taxi 
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For the execution of the first workshop, the Miro platform was utilised. The Miro board included 
description of the survey focus by the four use cases as one of the input areas, followed by structuring 
of the questions within the sections of user profile, mobility needs, expectations, and concerns. The 
focus for the later sections is described as follows: 

 
Mobility needs 
Considering mobility needs, the focus was to identify and understand mobility needs of potential 
users, with a focus on the areas/interactions potentially affected by AI-based CCAM. This includes 
aspects such as road safety and personal security, people in rural areas where public transport is 
limited, users with mobility limitations (elderly, persons with disability, etc.) and travel time.  

 
Expectations 
Regarding expectations, the focus was to assess what each user group expects from CCAM services 
and the implementation of AI-based models in CCAM, about how users imagine such services will 
look, what their interaction with the technologies will be like; possibility to use time for other 
activities, and what type of impacts it could have on their life.  

 
Concerns 
Regarding concerns, the focus was to Identify and understand the concerns and barriers that arise 
from CCAM implementation from the perspective of each user group, with a focus on the 
areas/interactions potentially affected by AI-based CCAM, such as data usage and privacy, ethical 
concerns, trust in the technologies, legal liability, mobility impacts (e.g., increased travel demand or 
prioritisation of motorised modes over pedestrian/cyclists), among others, and safety of self (or 
children) in an environment with CCAM in use. 

 
As an outcome, the workshop led to feedback on the draft survey structure resulting in the 
identification and formulation of question and answers format, referencing similar questions to other 
surveys (learnings from EU projects such as 5GMOBIX, CONDUCTOR and DRIVE2theFuture, peer-
reviewed research articles and other resources), allocating target groups for questions (users, non-
users, etc.), rephrasing of certain questions for the better ease of understanding for the survey 
respondents, merging similar questions into matrices, identification of questions that were not 
relevant, including added perspectives and narrowing down certain aspects, re-allocating questions 
to different sections based on discussions and identification of next steps. Following the workshop, 
potential distribution platforms for the survey was discussed for the response collection and a 
tentative timeline was set to publish the first draft of the survey post revision.  
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Figure 3: Miro board utilised during the first workshop for designing the survey structure 

Following a set of revisions based on the feedback from the project partners, the survey was designed 
and later distributed to response collection. Upon finalization of the survey design structure and data 
collection, a second workshop was held to prioritize survey analysis according to the use case needs. 
For in-depth information on the survey structure and identified questions from Workshop 1, please 
refer to Chapter 3 and Annexure I. 

 

2.2.2. Workshop 2: Survey analysis according to the use case needs 

 
Following the design of the survey structure, the second workshop was executed involving AITHENA 
use case partners to establish their interest for analysing the specific sections of the survey data. 
Concerning the survey data, the four use case partners had identified the type of data analysis that 
was of a priority to them. These included dependent and independent variables within the survey 
structure. Concerning the overall output, the two main type of data analysis that the partners 
reflected upon included descriptive statistics and logistic regression. For the logistic regression, the 
task included identification of relevant dependent variables and independent variables which would 
be analysed to explore any relation between them.  
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2.3. Use case template and guiding questions 
Following the user survey design through workshops, the use cases within the AITHENA project were 
defined following a set of guiding questions. To address the use case description, a template with 
guiding questions was developed and shared with the UC leaders. The template aimed at capturing 
perspectives of UC involving its strategy, solution, requirements and testing and validation. While the 
strategy section addresses the rationale, objectives, approach and challenges and risks for the use 
cases, the solution section addresses the functional description, key technologies, scope, and 
scenarios for the use cases. The requirements section identifies the functional and data requirements, 
operation/performance requirements, legal requirements, and usability and human interaction 
requirements. Testing and validation section gives a brief introduction of planned testing, 
demonstration, and evaluation.  
 

Table 2: UC template sections with corresponding guiding questions 

Template section Guiding Question 

 
STRATEGY 
 

 

Rationale What is the reason/need to have this UC?  
Objectives What are the major objectives the UC investigates? 
Approach Which approach does the UC take? Is it a virtual approach or 

physical approach? 
Challenges and Risk What barriers does the UC foresee from design to execution stage? 
 
SOLUTION 
  

 

Functional description How would the UC function? What steps or flow of functions are 
required for the UC? 

Key technologies What state-of-the-art knowledge and relevant projects, does the 
UC utilise/look into? 

Scope and restrictions Following the key technologies identified, which domain does the 
UC contribute to and to what extent? What are its limitations? This 
should identify key user groups (for e.g., drivers, passengers etc.), 
the modes of transport (e.g., car, public transport, etc.), the 
geographical area (e.g. urban streets including city centres, 
residential areas; highways etc.) the UC addresses. 

Scenarios / use case story 
for CCAM applications 

Following the key-technologies mentioned with corresponding 
scope and restrictions, how does the UC contribute to the CCAM 
application? Consider user needs and concerns through survey 
(T1.4). 
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REQUIREMENTS 
 

 

Functional and data 
requirements 

What AI models/algorithms are required to analyse specific 
objectives of the UC (traffic flow/identifying or managing 
incidents/adjust traffic signal etc.)? What kind of data is required 
(historical or real-time)?  

Operational/performance 
requirements 

What are the operational conditions (e.g. ODDs) that support the 
functioning of the UC? What are the major KPIs that monitor the 
performance of the UC? 

Legal requirements Are there any ethical clearances required for the UC development 
and demonstration? If yes, what do they relate to (e.g. informed 
consent, data anonymisation)?  

Useability and human 
interaction requirement 

What are the human interaction requirements for this use case? 
(e.g., are there are specific iHMI (internal human-machine 
interface) or eHMI (external human-machine interface) factors 
identified?) 

 
  
The UC template was developed and integrated into this deliverable resulting in chapter 4 where the 
AITHENA UCs are described. Parallel to the finalisation of the use case description, the user survey 
results were analysed reflecting the user needs, concerns and expectations which influences and 
validates the proposed UC scenarios for CCAM applications. The inferences from the AITHENA user 
survey are shared in the next chapter. 
 
 
 
  







https://aithena.eu/privacy-policy/
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urban environment, suburban environment, and inter-city (non-highways) the level of trust was 
mostly moderate or low (as seen in the figure below).  

 

Figure 9: Level of trust towards self-driving vehicles in rural and intercity (highway) environments 

Considering the level of importance towards different criteria to choose a mode of transport for daily 
trips, predictability, trip duration and personal safety were extremely important for many of the 
survey respondents. In contrast, the possibility to interact with others, individual services, or physical 
exercise was not an important criterion to choose a mode of travel. For in-depth results, please see 
Annexure II. Considering potential use of AVs in different scenarios, using automated public transport 
vehicles with fixed routes, stops and high frequency gathered high levels of interest from the survey 
respondents (as seen in the figure below). 
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Figure 10: Level of interest in using AVs corresponding to different scenarios 
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Figure 13: Information vs corresponding importance for the passenger in a self-driving 
bus/shuttle 

With pedestrians and cyclists sharing the same space as AVs, knowing decision-making process by 
the self-driving vehicles was of extreme importance (30%), followed by being informed when a 
human-driver is taking control of a self-driving vehicle and the presence of a self-driving vehicle itself 
(see Annex II).  

On the importance of being able to work or do recreational activities in a self-driving vehicle, an 
Ordinal Logistic Regression (OLR) analysis was undertaken. This is done based on the workshop 
outcomes from the use case partners identifying key dependent and independent variables for OLR.  
The categories for the dependent variables are ordered/ranked, which assist in carrying forward the 
OLR. The single set of regression coefficients generated in OLR helps to estimate relationships 
between independent (e.g., activities one would like to do in a self-driving vehicle) and dependent 
variables (e.g., level of importance to do work or recreational activities). With the set of dependent 
and independent variables in the AITHENA survey, different relationships were identified. For 
instance, considering the importance of working or doing recreational activities in a self-driving 
vehicle, its relationship with the independent variables of activities one would like to do in a self-
driving vehicle was identified. With the relationship being significant (i.e. <0.05), negative estimates 
towards reading, engaging in conversation (i.e. phone, with other passengers), and working on a 
computer or a tablet was observed (as seen in the table below).   
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Table 3: Case processing summary showing proportion of cases falling at each level of dependent 

variable i.e., importance to do work / recreational activities in an AV 

Case Processing Summary 

 N Marginal Percentage 

How important is it for you to be able 

to do work or recreational activities in 

a self-driving vehicle? 

Extremely important (1) 21 6.2% 

Very important (2) 79 23.2% 

Moderately important (3) 93 27.4% 

Slightly important (4) 72 21.2% 

Not at all important 75 22.1% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Sleep 

Sleep 140 41.2% 

NA 200 58.8% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Read 

(documents, news, books) 

Read (documents, news, books) 216 63.5% 

NA 124 36.5% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Watch a 

video (TV, movie, series, etc.) 

Watch a video (TV, movie, series, etc.) 159 46.8% 

NA 181 53.2% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Use 

social media apps 

Use social media apps 139 40.9% 

NA 201 59.1% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Engage in 

conversation (phone, with other 

passengers) 

Engage in conversation (phone, with 

other passengers) 

199 58.5% 

NA 141 41.5% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Work on 

a computer or tablet 

Work on a computer or tablet 193 56.8% 

NA 147 43.2% 

Which activities would you like to do 

in a self-driving vehicle? (choose all 

that apply) - Selected Choice Other 

Other 12 3.5% 

NA 328 96.5% 

Valid 340 100.0% 

Total 340  
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Table 4: Estimates showing level of significance and model fitting information. 

Parameter Estimates 

 Estimate 

Std. 

Error Wald df Sig. 

95% Confidence Interval 

Lower 

Bound 

Upper 

Bound 

Threshold [Q4.6_ImpOtherActivREC = 1] -6.634 .400 274.926 1 <.001 -7.418 -5.850 

[Q4.6_ImpOtherActivREC = 2] -4.466 .327 186.097 1 <.001 -5.108 -3.824 

[Q4.6_ImpOtherActivREC = 3] -2.758 .272 102.978 1 <.001 -3.291 -2.226 

[Q4.6_ImpOtherActivREC = 4] -.785 .202 15.050 1 <.001 -1.181 -.388 

Location [Q4.7_1_ActivinAVSleep=1] -.503 .242 4.308 1 .038 -.978 -.028 

[Q4.7_1_ActivinAVSleep=2] 0a . . 0 . . . 

[Q4.7_2_ActivinAVRead=1] -1.639 .313 27.393 1 <.001 -2.253 -1.025 

[Q4.7_2_ActivinAVRead=2] 0a . . 0 . . . 

[Q4.7_3_ActivinAVWatch=1] -.457 .255 3.193 1 .074 -.957 .044 

[Q4.7_3_ActivinAVWatch=2] 0a . . 0 . . . 

[Q4.7_5_ActivinAVApps=1] -.035 .246 .021 1 .885 -.517 .446 

[Q4.7_5_ActivinAVApps=2] 0a . . 0 . . . 

[Q4.7_7_ActivinAVConvers=1] -1.171 .271 18.648 1 <.001 -1.702 -.639 

[Q4.7_7_ActivinAVConvers=2] 0a . . 0 . . . 

[Q4.7_8_ActivinAVWork=1] -1.197 .283 17.905 1 <.001 -1.752 -.643 

[Q4.7_8_ActivinAVWork=2] 0a . . 0 . . . 

[Q4.7_6_ActivinAVOther=1] -.759 .555 1.871 1 .171 -1.847 .329 

[Q4.7_6_ActivinAVOther=2] 0a . . 0 . . . 

Link function: Logit. 

a. This parameter is set to zero because it is redundant. 
 

Model Fitting Information 

Model 

-2 Log 

Likelihood 

Chi-

Square df Sig. 

Intercept 

Only 

652.809    

Final 411.935 240.875 7 <.001 

Link function: Logit. 

 

 
The OLR above shows that there is a significant relation between the dependent and independent 
variables with model fitting information being significant (i.e., <0.05). In addition, the negative 
estimates for independent variables i.e., reading, engaging in a conversation (phone and other 
passengers) and working on a computer or tablet, with sig. < 0.001, shows higher chance of the 
category belonging to a lower category (e.g., 1 or 2) of the dependent variable. In other words, these 
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Figure 15: User expectations towards different impacts of an AV mobility system 

 
Furthermore, expectations towards trips taking less time, less traffic congestion, the AV mobility 
system being more environmentally sustainable and fewer vehicles on the road were reflected 
through the survey results (see Annex II). In addition, considering expectations towards AVs being 
certified by official organizations or standards, majority believed the government and the overarching 
authority (e.g., the EU) to be the responsible body, followed by vehicle authorities (country/state), 
and independent standard organizations. In contrast, the respondents did not prioritize an 
organization representing automotive industry as a body to do the certification if required.  
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Figure 18: Factors discouraging use of AVs 

Lastly, considering the major factors discouraging the use of self-driving vehicles were identified. The 
three most important factors included equipment or system failure, cyberattacks against computer 
systems and legal liability for occupants in case of a crash. In contrast, learning to use a self-driving 
vehicle was the least concern amongst the survey respondents. 

 
 
 
 
 
 
 
 
 

24.7%

8.5%

25.9%

70.9%

50.6%

32.9%

52.1%

3.5%

7.1%

0.9%

0% 10% 20% 30% 40% 50% 60% 70% 80%

Restriction of manual driving

Unemployment due to job replacement by self-driving
vehicles

Disclosing personal data

Equipment or system failure

Legal liability for occupants in case of a crash

Interactions with human-driven vehicles

Cyberattacks against the computer systems

Learning to use a self-driving vehicle

There is no reason I would not ride in a self-driving
vehicle

I prefer not to respond

W
ha

t a
re

 th
e 

th
re

e 
m

os
t i

m
po

rt
an

t f
ac

to
rs

 th
at

 m
ay

 d
isc

ou
ra

ge
 y

ou
 fr

om
rid

in
g 

in
 a

 se
lf-

dr
iv

in
g 

ve
hi

cl
e?

 (p
le

as
e 

ei
th

er
 c

ho
os

e 
3 

an
sw

er
s o

r o
nl

y 
1 

of
th

e 
la

st
 tw

o 
op

tio
ns

)

% Response

Factors discouraging riding a self-driving car



 

40 
 

4. USE CASE DESCRIPTION 

4.1. Trustworthy perception systems for CCAM 

4.1.1. Strategy 

Rationale 

The development of trusted AI systems for CCAM applications is important for deploying AI-driven 
products and fostering trust in them. AI-driven perception systems leverage the power of redundant 
sensors. Cameras, LiDAR, and radar, each with their own strengths and weaknesses, provide a wealth 
of complementary data about the environment around the ego vehicle. This data must be intelligently 
fused to create a richer, more comprehensive picture. However, sensor readings aren't perfect and 
can sometimes contradict each other. Furthermore, AI-driven products are very complex and are 
typically considered as black-boxes. This use case seeks to address these critical aspects to foster 
reliable and explainable pedestrian detection in urban environments for CCAM applications. 

Objectives 

This use case involves primary and secondary objectives. These are mentioned as follows: 
- Primary objective: To facilitate the utilisation of a pedestrian detection system deployed in a 

demonstrator vehicle. This aims to enhance safety measures, especially in scenarios where 
pedestrian detection lies within the safety-critical path. For example, a pedestrian that is 
crossing the road and that might collide with the AV if no action is taken. 

- Secondary objective: To showcase a multifaceted approach by integrating model-driven, 
data-driven, and sensor driven methodologies (further explained in the subsections below). 
This helps in ensuring reliability, explainability, and transparency of the pedestrian detection 
system and the associated AI-functionalities across the software, sensor, and AI stack.   

Approach 

This use case follows the AITHENA cycle, which is divided into steps involving physical and virtual 
approach: 
 
First AITHENA cycle offline demonstrator: 
The first demonstration is based on either the recorded data from the demonstrator vehicle, 
simulated data or based on the existing available public datasets on perception. This helps in fast 
prototyping, testing, and evaluating different approaches developed in the project.  
Second AITHENA cycle online demonstrator: 
The demonstration will be carried with one of the demonstrator vehicles on one of the proving 
grounds. The tested and evaluated XAI (i.e. Explainable Artificial Intelligence) methods from the first 
cycle are integrated into the software stack of the demonstrator vehicle and can be executed during 
the runtime of the perception system. In addition to the demonstrator vehicle, static components of 
this use case will be showcased to explain and document the integrated AI functionalities in the real-
world demonstrator.  
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Regarding geographical area, the pedestrian detection system is primarily designed for operation in 
urban environments, including urban streets, city centres, and residential areas. These areas typically 
involve complex traffic scenarios with diverse pedestrian activity, making them the focus of the UC's 
development and testing. 
 
Focusing on the modes of transport, the methods covered in this UC are primarily applicable to 
individual vehicles like cars and shuttles. Their applicability might be reduced for larger public 
transportation vehicles, where the passenger does not interact with the vehicle. 

Scenarios/use case story for CCAM applications 

 
1. Ego vehicle setting:  

The use case scenario unfolds as the ego vehicle navigates through a complex urban environment, 
sharing the road with diverse entities such as other vehicles and pedestrians.  
 

2. Challenges faced by the Perception System: 
As it navigates, the perception system of the ego vehicle faces a variety of dynamic challenges caused 
by differing sensor inputs. These challenges include: 
 

- View Obstruction: A visual barrier prevents clear sight of a pedestrian. 
- Conflicting Sensor Data: Different sensors provide conflicting information. 
- Sensor Malfunction: One or more sensors fail to function properly. 
- Adverse Weather Effects: Poor weather conditions adversely affect the performance of 

certain sensors. 
 

3. Conflict resolution by the Perception System: 
- Effective conflict resolution (option a): Leveraging advanced XAI (Explainable Artificial 

Intelligence) methods, the perception system successfully resolves discrepancies from varied 
sensor data, making well-informed decisions regarding the detection and movement of 
pedestrians. 

- User information and safe mode activation (option b): When conflicts remain unresolved, the 
system alerts the user by providing essential information. The user is then given choices such 
as switching to a safe mode or assuming manual control of the vehicle. 
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validate these results. However, identifying edge cases is complex for both automated 
systems, which may lack semantic understanding, and human operators, who may not have 
enough data to recognize these scenarios.  

  
Test engineers tasked with evaluating the AI model (System Under Test, SUT) may struggle to sift 
through raw footage from recording campaigns to find scenes that yield relevant PIs. Supervisors or 
other stakeholders might require these engineers to explain how they selected the edge cases for 
clarity and transparency.  
  
Accurate collision-related information necessitates precise spatio-temporal labels for road 
participants, such as pedestrians and vehicles. These can be represented using geometries like 
cuboids or polylines and other attributes to specify the object class (e.g., "pedestrian," "car"). The 
dynamic nature of road scenes is captured through temporal labelling of trajectories and specific 
actions occurring during designated time frames. The ASAM OpenLabel 1.0.0 standard is the first 
international standard defining how to represent this level of detailed perception labels.  
 
Identifying edge cases in real-world data is inherently challenging due to the nuanced and semantic 
nature of such scenarios, like near-misses or cut-ins, which are often tough to label accurately by both 
humans and machines. A proposed Semantic Labelling System (SLS) uses logical inference based on 
user-defined rules applied to perception-level annotations to identify edge cases. These rules include 
expert knowledge defining actions of interest, making them understandable and interpretable (i.e. 
what the scene contains and the how edge-cases were found). This system facilitates, for instance, 
test engineers in filtering recordings and provides supervisors or clients clear insights into which 
scenes were chosen and the rationale behind these choices, enhancing transparency and 
understanding across different user groups. 
 
Use case 2.2: Robust prediction modules for robo-taxis in urban environment 
For robust and timely decision-making during navigation in urban environments, the robo-taxi must 
not only understand the current state but also anticipate the future states of its environment. While 
the current state would be sufficient for short-term decisions (e.g., braking to avoid collisions), 
predictions of long-term environmental changes are essential for comprehensive route planning. 
These long-term predictions primarily pertain to the evolution of motion among observed traffic 
participants. However, the time horizon width of future motion predictions isn't the sole determinant 
of the module's applicability. The decision-making module could leverage the model's added capacity 
to address uncertainty, particularly in scenarios with multiple plausible predictions. In conjunction, 
the prediction time horizon and uncertainty measures can lead to more reliable planning. These 
factors also show similarities between the situational awareness of a robo-taxi and that of a human 
driver. Human decision-making relies on abstracting the most probable intentions of surrounding 
participants, characterized by both long-term foresight and uncertainty. Guided by these factors, the 
developed motion prediction module can not only emulate the situational awareness of a human 
driver but also enhance it through vast data utilization and faster processing power. 
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- Integration of explainable approaches into the prediction module design and development 
enhancing the transparency and generalizability of the module. 

- Demonstration of the prediction module in urban scenarios, primarily focusing on motion 
prediction of vulnerable road users (VRUs) interacting with a robo-taxi at intersection 
crossings. 

Approach 

 
Use case 2.1: Collision prediction with hybrid AI data fusion 
The use case involves an approach involving several steps: 
 

1. Firstly, it involves selecting a dataset of road scenes, with recorded images, LIDAR or other 
sensorial data, which is already labelled at perception-level, i.e., it contains sufficiently rich 
object-level data, such as the presence, position and class of objects around the ego-vehicle.  

2. Following this, production of a semantic data model is devised to semantically model 
relationships between objects, using ASAM OpenLabel 1.0.0 as labelling format due to its 
inherent capabilities to model semantic relationships. 

3. Convert the object-level annotations of the selected dataset into the semantically enriched 
data model. 

4. Define edge-cases of interest (Note: it is essential to make sure the dataset contains some). 
5. Develop the SLS and load the semantically enriched data into the SLS. 
6. Prepare semantic queries addressing the edge-cases. 
7. Run the semantic queries against the SLS and verify the results are the expected edge-

cases. 
 
The main feature (innovation) is the creation of a SLS that can produce semantically rich detections, 
as explanations of the scenes. The SLS can run expert rules, user-defined, easy to read by humans, to 
increase the interpretability of the searching process. This use case provides a general approach to 
label semantically any perception-level dataset. The SLS could be used to produce semantic 
explanations in the form of other actions or manoeuvre of road scenes that might be relevant for other 
use cases. 
 
Use case 2.2: Robust prediction modules for robo-taxis in urban environment 
To achieve the objectives outlined for UC2.2, the developed solution aims to find the balance in the 
performance-explainability trade-off. We propose an integration of two distinct approaches, each 
representing a different facet of the trade-off. The model-based approach, characterized by its 
inherent explainability, contrasts the data-based approach, known for its superior performance that 
comes at the cost of explainability. To leverage the benefits of both approaches, their fusion will be 
executed at a higher level, wherein the outputs of the data-based component will serve as the input 
to the model-based component. The integration will be performed within the framework of a Social-
Force Model (SFM) capable of modelling not only the environmental forces (e.g., obstacles, sidewalk, 
or lane boundaries) but also social interactions (e.g., pedestrians moving in groups) influencing 
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4.2.2. Solution 

Functional description 

 
Use case 2.1: Collision prediction with hybrid AI data fusion 
 
This section overviews the architecture and functional description of the proposed development. 
Figure 24 represents the major blocks of the proposed approach. 
 

 

Figure 24: Block diagram: Scenario extraction using semantic labels 

The rationale starts from the need to identify high-level scenarios from datasets captured with 
instrumented vehicles in driving scenes. These scenes might be real or synthetic, as long as they 
contain data recordings in the form of data packages with sensor data (camera, LIDAR, CAN, etc). 
These data serve as the basis on which build the semantic processing pipeline proposed in this use 
case. 
 
Therefore, the starting point is a set of datasets, which are processed to contain object-level 
representations of the reality. Typical objects include things, i.e., uncountable and countable entities 
that play roles in driving scenes, like pavement, lane markings, traffic signs, vehicles, bicycles, 
pedestrians, etc. 
 
These object level labels shall then go through the "Data preparation" stage, to be transformed or re-
shaped to follow the ASAM OpenLabel 1.0 standard, as described in previous sections. This 
conversion can be done with Python scripting using the open-source library VCD 
(https://pypi.org/project/vcd/). The second step in this stage is the so-called Semantic Augmentation, 
which reads the object-level information, in the form of OpenLabel labels, and augment their content 
with additional measurements, which can be directly derived from the presence, position, volume or 
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other labels of the objects presents in the scene. For instance, collision or other proximity-related 
metrics like Time-To-Collision can be computed at this stage. Such content fills-in the semantic gaps 
of object-level labels in preparation for more advanced semantic inference in subsequent stages. 
 
At the database stage, content is unwrapped from its OpenLabel format and decomposed into a data 
model in a Graph database. In particular, we propose to use GraphDB, and as such we are using a data 
model specified by an ontology which is loaded into GraphDB as a set of nodes and relations, 
specifying the classes and properties of the elements as defined by the OpenLabel schema. 
 
The query manager is the component responsible for loading search queries into the database, and 
thus, retrieve found content under specific rules. In our approach, a search query can execute a 
semantic inference rule. For instance, a lane-change maneuver can be defined as a sequence of 
related events, including relations that identify a vehicle located in a certain lane, and in a posterior 
instant, located in an adjacent lane. Additional control instructions can narrow down the specification 
of the rule, in order to find only the specified sequence if happen in specific positions (e.g., in front of 
the ego-vehicle), or during specific periods of time. Concatenation of such Resource Description 
Framework (RDF) triplets can lead to the definition of rules as complex as desired, and then unlimited 
level of semantic complexity of the scenario of interest. 
 
The creation of the queries can be created with a web application as interface, where an expert can 
write down the rule in a certain query-specific language. This process is understood in this context as 
scenario mining activity, although the same process can be used to inject content into the database 
as any created query can not only search content but also create content. 
 
It is important to highlight that the governing ontology shall be applied coherently at all levels (data 
preparation, database and search application), so that all terms are mapped, and no semantic 
inconsistencies exist. This way, the semantic layer guarantees that all relations between classes are 
bounded to the specified semantic domain, and all inference will lead to the desired results. 
 
Additional visualization tools can be used to monitorize the produced content. For instance, it is 
possible to use the WebLabel tool by Vicomtech to visualize raw data along with ASAM OpenLabel 
labels (including object-level labels and semantic labels). 

 
Use case 2.2: Robust prediction modules for robo-taxis in urban environment 
The figure below showcases the block diagram for the demonstrator 2.2, followed by an overview of 
specific steps to be performed to demonstrate the use case overall. 
 











https://www.nuscenes.org/
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Use case 2.2: Robust prediction modules for robo-taxis in urban environment 
Scenarios set in an urban environment can often be characterized by the diversity of traffic 
participants whose motion is influenced by various scenario elements such as other traffic 
participants, road infrastructure, or traffic rules. Therefore, particular interest is taken in the scenarios 
in which each traffic participant is simultaneously subjected to different types of interactions.  This 
includes single and multi-lane urban intersection scenarios involving trucks, cars, motorbikes, cyclists, 
and pedestrians as traffic participants.  
 
An illustrative scenario presenting the complexities of the urban environment is the scenario 
considering different traffic participants at an intersection crossing. The module is expected to 
accurately predict the motion of each participant, focusing on vulnerable road users (VRUs) like 
pedestrians or cyclists, while respecting the intersection structure and traffic rules. The accuracy, 
robustness, and feasibility of predictions in such complex scenarios depend on the sources of scenario 
information and how it is introduced to the model. To enhance understanding of how inputs impact 
predictions, the model integrates explainable approaches at different component levels. These not 
only reveal the model's inner workings but also enable generalization across previously unknown 
inputs. Therefore, explainable approaches allow for the utilization of extensive prior knowledge both 
to guide the model's design and development and subsequently inform the model of the observed 
scenarios.  

4.2.3. Requirements 

Functional data requirements 

 
Use case 2.1: Collision prediction with hybrid AI data fusion 

- Semantic Labeling System (SLS) shall be able to load an ontology 
- SLE shall be able to run logical inference queries 
- Logical inference queries shall be writable as expert rules and be human-readable 
- The ontology shall contain actions related to collision prediction, such as hard braking 

scenario, hard acceleration scenario, lane changing, pedestrian crossing, cut in, cut out, 
overtaking, over speeding, car following, and near miss collision 

- An open dataset with object-level annotations shall be used, which contains some of the 
edge cases. 

- The dataset shall be converted to OpenLabel 1.0.0 format 
- The resulting detected edge cases by the SLS shall be writable using OpenLabel 1.0.0 format 

 
Use case 2.2: Robust prediction modules for robo-taxis in urban environment 

- Based on the information flow in the U2.2 functional description, considering data 
acquisition step dataset generation will be performed in accordance with requirements 
(vehicle setup, scenario types, ODDs) specified by involved partners.  

- The SAFEOD function block shall detect: 
1. dynamic objects such as trucks, cars, motorbikes, bicycles, and pedestrians. 
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- Increasing robustness of a vehicle guidance system through competence observation of 
algorithms responsible for decision making. 

- Demonstration of the explainable AI interface and competence observation in reasonable 
scenarios. 

Approach 

Implementation of the Use-Case will be tackled through a sequential approach of two cycles 
according to the AITHENA methodology: In Cycle 1 development, testing and demonstration will take 
place using various simulative approaches. In Cycle 2 the implemented algorithms will be integrated, 
improved, and applied to a real-world demonstrator vehicle. The actual demonstration will take place 
on a closed test track. 
 
The use case objectives will be tackled through the integration of an explainable AI interface in the 
relevant algorithms for motion planning on the one hand, and by the implementation and integration 
of a separate module, that measures the competence of AI algorithms in the motion planning stack. 
To demonstrate the capabilities of the explainable AI interface the use case will focus on a scenario, 
that causes the vehicle to behave in a way, that is not intuitive for the occupant and therefore requires 
an additional explanation. The use case will therefore focus on V2X information which are not 
perceivable for the occupant directly (see scenario). 
 
Secondly, the capabilities of competence observation are demonstrated through a scenario that 
represents an unforeseen situation for the implemented motion planning algorithms. An example for 
this can be the passing of a roundabout (see scenario). The roundabout will represent an unforeseen 
situation, in case the training dataset used to train the data-driven motion planning module does not 
contain any samples with roundabout situations. The implementation of the demonstrated 
algorithms is carried out within the scope of WP3, more precisely in Task 3.5. For the development 
and testing of these algorithms, simulation environments and scenarios will be used in an initial phase, 
which will be developed as part of WP4. Furthermore, data sets provided through WP2 may be used 
for the development of corresponding ML models. Finally, the integration of the developed 
algorithms in simulation scenarios as well as demonstrator vehicles is carried out as part of WP5. In 
addition, a testing and validation methodology is developed as part of WP5. Requirements, test 
scenarios and evaluation metrics will be defined to evaluate the algorithms and methods developed 
for the realisation of this use case. 

Challenges and risk 

 
- Integration of data driven approaches for motion planning into a vehicle guidance system: 

The use of data-driven approaches poses a particular challenge for decision-making and 
motion planning, as this has a significant influence on the behaviour of the vehicle. In 
particular, the lack of traceability of such approaches poses challenges for the developers and 
users of such systems. We counter this by combining the data-driven approaches with a 
subsequent, rule-based validation of the proposed behavioural decision. 
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- Domain shift from virtual- to real-world-scenario: As with all data-driven approaches, the 
transferability of the algorithms from the test and development environment to the real world 
is a challenge in development. Since the input data of the corresponding approaches are 
abstracted in our case, the domain shift at this point may be smaller than, for example, with 
algorithms for perception where there are greater differences in the representation of the 
input data for training, testing and validation compared to the real sensor data. Nevertheless, 
data-driven approaches to decision making and motion planning pose specific challenges. For 
example, deviations from the planned manoeuvre may occur due to inaccuracies in vehicle 
control, which are not represented in the training data. 

- Generation of representative datasets for the training of data driven approaches for motion 
planning: A key challenge for data-driven approaches in the context of automated driving is 
the availability of representative datasets. However, no ready-to-use products are being 
developed and presented as part of this project, so there is no requirement for a complete and 
representative data set to be available. Rather, the data is chosen deliberately to be able to 
demonstrate the concepts presented in a targeted way (i.e. refer to Scenario 2). 

- Breakdown of Demonstrator Vehicle: Breakdown or limited functionality of the demonstrator 
vehicle due to unforeseen problems is possible. In case, the implemented modules cannot be 
demonstrated in a closed-loop manner, meaning that the system is controlling the vehicle 
controls, an open-loop demonstration of the implemented functionality is possible. In case of 
a total vehicle breakdown, demonstration of the implemented functionality can be 
demonstrated using a static demonstrator with pre-recorded real-world data in an open-loop 
manner. 

4.3.2. Solution 

Functional description 

The process of vehicle guidance is typically divided into three distinct tasks: navigation, guidance, and 
stabilization (Donges 1982). Functionally, these tasks operate in sequence, where the output from the 
navigation, typically a planned route within a road network, serves as the input for the guidance level 
algorithms. The output from these guidance algorithms is often a trajectory that predicts future 
vehicle states. Subsequently, algorithms at the stabilization level use this trajectory to compute scalar 
control values, which are then transmitted to the vehicle's actuators. By activating these actuators, 
the vehicle is steered along the designated trajectory. Alongside this sequential operation, the 
generation of routes, decision-making on behaviour, trajectory planning, and vehicle control 
adjustments are performed in a cyclical manner, with the frequency of recalculations generally 
increasing from navigation to stabilization. The different algorithms acting on the specific levels of 
vehicle guidance use different approaches like graph- and tree-search, numerical optimization, deep 
neural networks, or different control techniques like model-predictive-control Consequently, the 
input and output formats, as well as the optimization goals, differ across these algorithms. 
Nevertheless, the primary objectives of the vehicle guidance system remain consistent: optimizing 
comfort, efficiency, and safety.  
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The implementation of such a system for automated vehicle guidance as demonstrated in this use 
case is illustrated on the right-hand side of the figure below. The Global Route Planning module 
generates a global route leading the vehicle from its current position to a desired destination. This 
route is fed into the Local Environment Model, which is responsible for two tasks. First it gathers and 
fuses all available information provided through the modules of onboard perception, received over 
external V2X communication, or derived from map data. Secondly the fused information is provided 
to the underlying modules according to their requirements on the input representation. The first 
planning instance, namely the Tactical Decision Making requires the environment information 
represented like a multi-layered bird's eye view image. Each layer in this image describes different 
information categories in the local vehicle environment, such as dynamic objects like vehicles and 
pedestrians or information about the road. The neural network predicts a vehicle trajectory based on 
the given input. As this trajectory is very discrete and not necessarily verified in terms of driving 
physics, it is processed in a further step by the Trajectory Optimization & Supervision module to ensure 
the driveability and compliance to rudimentary traffic regulations. This module also provides a vehicle 
trajectory that is passed to underlying control algorithms and the actuators so that the vehicle 
properly follows the planned trajectory. 
 

 

Figure 27: Abstracted functional architecture of software modules demonstrated in UC3 

In addition to the actual vehicle guidance system, the flowchart above also shows the abstracted 
architecture of the competence observation on the left-hand side. This module is based on the same 
data set as the Tactical Decision Making. In addition, information about the underlying situation is 
provided at runtime through the Local Environment Model. This information is used to determine a 
competence measure for the underlying situation. This measure is used through the Trajectory 
Optimization & Supervision to estimate the confidence of the trajectory generated by the Deep-
Learning-based (DL-based) Tactical Decision Making and initiate suitable actions in situations with low 
competence. 
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Scenarios/use case story for CCAM applications 

The use case will demonstrate specific scenarios that target the explanation of non-intuitive situations 
on the one hand, and the robustness against unknown contexts and situations on the other hand. We 
will demonstrate two scenarios that are described as follows: 
 
Scenario 1: Explanation of non-intuitive braking due to occluded vehicle 
The Ego vehicle (blue) is approaching a junction with a green traffic light. Nevertheless, the vehicle 
decelerates which unsettles the occupant because it shows non-intuitive behaviour for the occupant. 
The system will explain to the occupant, that it slowed down because it received information via V2X, 
about an occluded vehicle (turquoise) that violates a red traffic light. 
 

 

Figure 28: Schematic illustration of Scenario 1 for UC3 

 
Scenario 2: Robustness of Hybrid AI planning stack against unknown contexts 
The Ego vehicle is approaching a roundabout. Since roundabouts are not part of the dataset that was 
used to train the DL-based Tactical Decision Making, it might fail in predicting a reasonable trajectory. 
Through Competence Observation the lower competence in this situation is measured and provided to 
the Trajectory Supervision module. In this case the Trajectory Optimization & Supervision will rely less 
on the DL-based decision and instead initiate an alternative trajectory to safely guide the vehicle 
around the roundabout. 
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Figure 29: Schematic illustration for Scenario 2 for UC3 

4.3.3. Requirements 

Functional & data requirements 

Considering the functional and scenario description, the set of requirements are listed as follows: 
 
Req. 1: Following a route to a given destination 
The vehicle follows a given route from the current vehicle position to a given destination. 
 
Req. 2: Lateral vehicle movement is controlled through the software stack 
The implemented vehicle guidance system can keep the vehicle within its respective driving lane 
along the route. 
 
Req. 3: Longitudinal vehicle movement is controlled through the software stack 
The implemented vehicle guidance system can adjust the vehicle speed according to the vehicle 
environment. 
 
Req. 4: Reception of V2X Information 
The vehicle can receive, and process specified V2X information. More specific the following message 
types should be processed: Cooperative Awareness Message (CAM) 
 
Req. 5: Taking into account CAM provided from other vehicles 
The vehicle considers Cooperative Awareness Messages provided through other vehicles in the 
surrounding. If a potential collision is detected, the vehicle will decelerate or come to a standstill. 
 
Req. 6: Information received via V2X communication are visualized for the occupant 
Especially V2X information are not directly perceivable for the occupant of the vehicle. To explain 
the vehicle behaviour based on V2X information to the occupant, the additional knowledge should 
be made accessible to the occupant through visualisation. 
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Risk: 
- Based in the first cycle, UC4 might not be able to identify the deviating behaviours of AVs in 

comparison to non-AVs from the other use cases due to the parallel on-going work and the 
network approach of UC4. 

- Programming of the varied responses and interactions among non-AVs, AV-with-trust, AV-
without-trust could pose unanticipated risks of network-wide unexpected vehicle behaviours 
disturbances, which might require revision of the UC4 design in the second cycle of AITHENA. 

- Microsimulations of a large-scale network with customized script for vehicle behaviours and 
communication require significant computational resources and sophisticated modelling 
techniques. To have statistically significant results from traffic simulations, multiple runs of 
each seed and different seeds are used. Possible risks here could be inefficient simulation tool 
performance and computational cost. 

4.4.2. Solution 

Functional description 

When considering AVs and edge cases, integrating AVs into traffic systems can impact the traffic 
dynamics on the network level. Edge cases can disrupt traffic flow if not supported by mitigating 
traffic management measures. As a concept, AITHENA will consider a hierarchical traffic 
management approach with control actions at different levels to support AVs in the edge case 
scenarios. 
 
At the top level, a centralized Traffic Management System (TMS) sets overall strategy and measures. 
The second level involves road infrastructure linking vehicles and the TMS by collecting data through 
sensors, cameras, and probe vehicle data such as floating car data (FCD), and relaying TMS decisions 
through variable message signs, traffic lights, and V2X. The third level is the vehicles, which also send 
and receive information about the status of traffic and ODDs. Vehicles are categorized as non-AVs, 
AV-with-trust, AV-without-trust and standard vehicle classification types such as Light Goods 
Vehicles (LGV) and Heavy Goods Vehicles (HGV) (fixed to 5% and 2% respectively in the first cycle). 
 
AV-with-trust trusts outside information sources, such as the TMS and can use that information to 
overcome certain situations (i.e., edge cases) while still showing the driving characteristics of an 
automated vehicle. AV-without-trust does not trust outside information sources will struggle to 
overcome the said situations and will either proceed less efficiently or possibly less safe and/or need 
support from a backup system (e.g., fallback driver, remote supervision system, etc.) to find a 
solution. Besides these specific behaviours, the driving characteristics are determined by the 
simulation software vehicle models which are explained in the next section. 
 
The identified edge cases form the other AITHENA use cases, and possibly edge cases from other 
sources, can be used in several scenarios. In addition, using traffic management concepts, these 
scenario measures can be conceptualised to mitigate the deviating behaviours of AVs in those edge 
cases. For the evaluation of the traffic dynamics, it is not necessary to fully implement the traffic 
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management actors and information flow. However, the effect thereof needs to be mirrored in the 
simulation. It is important that the specific sequence of events and required behaviours are 
orchestrated in the scenario to be able to assess them. To that end the microsimulation software will 
be connected to custom programming. The custom programming allows directly interfacing with any 
actor or network feature in the simulation at any given time. That way, the impact of conceptualised 
traffic management measures can be implemented in the simulation, and it is ensured that the 
scenario unfolds as intended to reflect the identified edge case. 
 
During the running of the simulations while the scenarios unfold, the behaviours of all vehicles and 
other relevant are logged. Using those logs, the travel times, following distance, traffic volumes, etc. 
are calculated which serve as input for the efficiency, safety, and sustainability KPIs. 
 
This will be done multiple times with varying vehicle mixes (i.e., ratios of non-AV, AV-with-trust, AV-
without-trust, LGV, and HGV) and different levels of service (LOS) (Transportation Research Board 
2010). That way, KPIs can be calculated for many different traffic situations. Combining the KPI results 
with the scenarios and vehicle mixes, an overview is created which shows which impact AVs can have 
on the network level traffic dynamics given that combination. This will show what benefit outside 
information and the trust therein can provide. In addition, knowing the impact, prevents unexpected 
changes in traffic dynamics thereby increasing the trust in AVs in general. 

Key technologies/AI-based models 

In the first AITHENA cycle, several key technologies are applied in use case 4: 
 
1. The simulation network is an encapsulated urban network with three consecutive signalised 
intersections running real life traffic data sets and optimised signal controls, see Figure 30. 
 
One of the key technologies applied in use case 4 is the base urban traffic situation of simulation 
network, which is a complete representation of the real-life site in operation at the Dutch municipality 
Heemstede with a cut of intensive traffic area (Dutch municipality project: Oversteek Adriaan 
Pauwlaan - Herenweg). The simulation network of use case 4 was chosen to study the explainability, 
interpretability and trust of AVs, and the interactions with non-AVs, other road users and 
infrastructure. 
 
2. The non-AV behaviours are simulated with the default driving behaviour parameters in VISSIM, 
which is chosen due to the ability of simulating complex network with different features to model 
AVs, non-AVs behaviours and their interactions with each other and with other road users in the 
current operational domain. 
 
PTV VISSIM 2024 comes with its set of cars following models: Wiedemann 74 and Wiedemann 99, in 
addition to the option of customizable behaviours. The Wiedemann 99 model is chosen to simulate 
the non-AVs in use case 4 because on the one hand, such a model can simulate the heterogeneous 
behaviour of diverse drivers. On the other hand, the car following behaviours of AVs in VISSIM are 
based on the Wiedemann 99 model.  
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Table 6: Automated vehicle driving logics in VISSIM (developed under CoEXist project) 

Driving logic Recommended setting for new features 
Enforce absolute 
breaking distance 

Use implicit 
stochastics 

Number of 
interaction vehicles 

Increased desired 
acceleration 

rail safe ON OFF 1  100% 
cautious ON OFF 1 100% 
normal OFF OFF 1 100-110% 
all-knowing OFF OFF >1 110% 

 
In CCAM, AVs is a key technology that provides mobility possibility, interacting with other road users 
and influencing travel experiences on the traffic network level. VISSIM new features were developed 
under intensive research of CoEXist, where recommended default values are researched and included 
in VISSIM newer versions. 
 
In AITHENA, a two-step Sensitivity Analysis (SA) screening is applied here to the four AV driving 
logics. Step one of the SA screening filters out the AV rail safe feature due the deterministic 
behaviours, such as pre-defined path, physical lane separation, no lane change and no un-signalised 
intersection etc., which are suitable for closed environment instead of public urban road network. 
Step two of the SA performs experiments using the AV cautious, AV normal and AV all-knowing 
features sequentially on a simplified network. The AV cautious, AV normal and AV all-knowing met 
the functional requirements of vehicles and infrastructure in use case 4.  
 
The SA experiments of these three types of AV behaviours on the simplified network with use case 4 
scenario timelines, show that AV cautious is more closely related to the AV behaviours we expected 
in use case 4 scenarios in the first cycle. 1) the default AV cautious parameters captured the safe 
characteristics 2) the Rules Of The Road (ROTRs) requirements are respected by AV cautious 3) only 
using AV cautious reflects less diverse behavioural competency of AV, but more evidential to show 
the impact of AI-based mixed traffic on a network level. Therefore, the AV cautious is applied to use 
case 4 in the first cycle of AITHENA to perform the study on a complicated network as a start, and 
possibly the AV normal and AV all-knowing will be applied during the second cycle of AITHENA. 

Scope and restrictions 

This section introduces the scope and restrictions of UC4. Since the key technologies applied are 
mostly in the setting up of UC4 in the simulation environment, we further explained the scope, 
categorisation and limitation of several related variables. 
 
The scope of UC4 includes urban network, where UC4 studied behaviours and interactions of AVs and 
non-AVs in complicated real-world urban settings with multiple intersections, communication among 
road actors and different traffic conditions, especially in edge cases where a vehicle breakdown 
incident would trigger greater delta behaviours between AVs and non-AVs.  
 
In the first cycle, the scope of the simulation network is a single lane two directional road section. Due 
to the computational and calibration reasons, the size of the network will not be too large in the 
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Operational / performance requirements 

The operational/performance requirements of UC4 describes the vehicle and infrastructure side 
requirements in the operation level of traffic network. For AVs to operate safely, efficiently and 
predictable on the transport system level, strategic and tactical data from traffic management 
systems are relevant to situational awareness, path planning and manoeuvre decision making. 

- TM should support AV performance in edge cases from a network perspective. 
- Vehicles should be connected and receptive to V2X message. 
- V2X message formats shall be standardized. 
- TM should be able to broadcast V2X to bridge the ODD deterioration gap. 
- KPIs regarding performance requirements: the use case during operation in simulation 

environment should not cause traffic congestions especially gridlock, which make the 
functional validation of the TM measures not feasible. 

Legal requirements 

For the first cycle, there are limited legal requirements in comparison to the second cycle. The second 
cycle will involve communication as a domain which will include, for instance, messages for connected 
and automated vehicles or other kinds, to inform other vehicles of the presence of an AV vehicle. This 
will involve addressing GDPR guidelines to provide information relating to the identity of the vehicle. 

Useability and human interaction requirements 

In the rationale section, UC4 mentioned that on a network level, the introduction of AVs with 
potentially different driving behaviours may influence the driving characteristics of non-AVs. This 
section discusses the useability and human interaction requirements of UC4. 

- From a mobility perspective, there are several human elements from diverse stakeholders 
such as citizens, traffic participants, city authorities etc. Traffic management at transport and 
policy level should consider the perspectives and interactions of various stakeholders. 
Moreover, the transparency of AI based AV technology is also paramount to increase public 
acceptance and trust in AVs, especially in edge cases. 

- The response of non-AVs to AVs with deviating behaviours will have implications on the 
driving characteristics of non-AVs. Human drivers in non-AV should be able to respond 
effectively to AVs that exhibit deviating behaviours. Non-AVs should understand and 
anticipate AV actions, such as unexpected longer stops and waiting time due to sudden 
obstacles and latency in vehicle communications. 

- Interaction of the AI models within AVs, in-vehicle fallback-ready user, and remote driving 
system should be reliable. The AI models within AVs, as well as remote driving systems, 
should be reliable and capable of seamless interaction with in-vehicle fallback-ready user. 
This ensures that in edge cases, the transition among AI control and human user or remote 
intervention is smooth and safe. In addition, the protocols for remote intervention should be 
well-defined and tested in edge cases, to ensure that when AVs require assistance from a 
remote driving system, the transition is with minimum latency and does not cause delays or 
safety risks. 
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5. CONCLUSION 
 
This chapter wraps up by contemplating the key findings from the survey results, which highlight user 
viewpoints on Autonomous Vehicles (AVs) and AI-driven CCAM technology that are further 
incorporated into the use case definition, where it examines how the use case caters to user needs, 
expectations, and concerns, providing a concise summary. 

5.1. Reflection towards user requirements for AITHENA Use cases 

5.1.1. UC1: Trustworthy perception systems for CCAM 

The solutions developed within the use case focus on target user groups such as users, developers, 
researchers, and regulatory authorities. These are especially applicable to the urban environment 
scenarios involving streets, city centres and residential areas, and involve any form of automated 
mobility as a mode (e.g., cars, personal transport, robo-taxis, shuttle). 

 

Table 7: UC1 summarized based on scope, demonstrator, primary objective and scenario 

Scope  
Target user groups System users, developers, researchers, certification authorities and regulatory 

authorities. 
Geographic boundary Urban environment  

Modes of transport Any form of automated mobility as a mode  
 

Primary objective To facilitate the utilisation of a pedestrian detection system in a use case 
demonstrator. This aims to enhance safety measures, especially in scenarios 
where pedestrian detection lies within the safety-critical path. 

 
Demonstrator The pedestrian detection system is tested in an offline demonstrator using 

recorded data from several datasets and derived through simulation. In Phase II, 
the system will be integrated in a real-world demonstrator-vehicle (car or 
automated shuttle) showcasing the UC results. 

 
Scenario example An urban scenario is considered where an obstacle blocks the view on a 

pedestrian. The solutions developed under the use case focuses on conflict 
resolution by the perception system. 

 
Considering the user mobility needs, the use case has the potential to contribute towards building 
high level of trust for the end-users in AVs in rural/suburban areas (as the survey results showed 
low/moderate level of trust in self-driving vehicles in rural and suburban environments) unless the 
implementation approaches in the future accept AVs as a predominantly urban technology. 
Regarding suburban and interurban environment, as the objective of the UC is to facilitate utilisation 
of a pedestrian detection system, scenarios including highways are not addressed through this use 
case as pedestrians are less frequent on highways.  
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Non-urban scenario: Interaction between vehicles (e.g., overtaking, over 
speeding, near miss collision) 

 
Considering the user mobility needs, the objective of the use case is to assist in the identification of 
edge-cases for the evaluation which will increase the ability of the developers and auto-makers for 
testing rural/suburban, inter-city and urban scenarios. This will in turn contribute towards higher level 
of trust in AVs, especially in rural/suburban areas which currently from the survey results reflect low 
level of trust from people.  

Addressing the user expectations towards AVs and AI-based CCAM applications, the use case will 
facilitate the testing of edge-scenarios which enhances the ability of automakers to push safety 
features that may reduce the amount of vehicle accidents (which supports the expectations derived 
from the user survey reflecting strong agreement with fewer vehicle crashes). The use case, to some 
extent, will also impact the decision-making system through scene understanding of the edge-case 
scenarios. This will contribute to the information access the end-user (e.g., occupant, passenger in an 
AV) will have based on how the AV makes its decision.  

Reflecting upon the user concerns towards self-driving vehicles, the use case will build trust towards 
AVs to be safe and reliant during extreme weather conditions, build trust towards user comfort in AVs 
interacting with human-driven vehicles, and contribute towards building confidence for vulnerable 
road users (pedestrians/cyclists) in using shared road space with AVs. This will be done through 
sufficient testing on edge-cases which may include extreme weather conditions, human-driven 
vehicles, and pedestrians and/or cyclists in shared road space.   

UC2.2 Robust prediction modules for robo-taxis in urban environment 

The solutions developed within the use case focus on target user groups involving system users (i.e. 
the end users), developers, and researchers. In contrast to UC2.1, the geographical scope of the use 
will primarily focus on urban environments (such as segments of road infrastructure with surrounding 
objects, for example, buildings) involving cars (i.e., robo-taxi). 

Table 9: UC2.2 summarized based on scope, demonstrator, primary objective and scenario 

Scope  
Target user groups System users, developers, and researchers. 

Geographic boundary Urban environment  
Modes of transport Cars (e.g., robo-taxi)  

 
Primary objective To develop a trustworthy prediction module providing a robo-taxi with precise 

information on the motion of observed traffic participants (including design of 
module predicting long-term motion and uncertainty considerations). 

 
Demonstrator In the 1st cycle the individual parts of this demonstrator has been developed. In 

the 2nd cycle the parts will be combined to a holistic demonstrator. The overall 
demonstration will be done virtually. 

 
Scenario example Urban scenarios in which each traffic participant is simultaneously subjected to 

different types of interactions such as single and multi-lane urban intersection 
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executed (involving integration of XAI interface into algorithms for decision-
making and increasing robustness of vehicle guidance system). 

 
Demonstrator The vehicle guidance system is implemented in a digital twin of an automated 

vehicle and its environment using simulation tools. During Phase II, the system 
will be integrated in a real-world demonstrator-vehicle (car or automated 
shuttle) showcasing the UC results. 

 
Scenario example Urban scenario involving the decision-making system explaining the AV 

occupant of non-intuitive braking due to occluded vehicle.  

 
Based on the mobility needs reflected through the user survey, the use case will contribute towards 
building trust in AVs within the urban environment, where the results and methodologies applied can 
be transferred to other geographical areas that are not focused or demonstrated in this use case. The 
use case builds trust towards AVs as the main objective is to demonstrate robust and trustworthy 
decision making and corresponding vehicle guidance in urban environments. The solutions developed 
will have a direct impact on the personal safety and predictability of the vehicle behaviour.  

The solutions demonstrated by the UC will have direct impact on AV's decision-making and will 
provide information to the end-user. This is done via prototypical implementation of visualization 
concepts that explain non-intuitive behaviour of the vehicle. In situations with low competence 
indication for the implemented planning-stack, the system might inform the user / (onboard/remote) 
supervisor to take over the control of the vehicle. In combination with the traffic management in UC4, 
the expected impact will be on a lower travel time for the vehicle. In addition, the task of vehicle 
guidance is usually under the objective of safety, efficiency and comfort. Next to this the UC also 
addresses the comfort of the occupant w.r.t. provided information especially in situations that are not 
predictable for the occupant e.g. where the vehicle does not behave like expected. Therefore, the 
guidance system can provide information relating to route the vehicle takes, trip duration, traffic 
conditions, and what the AV perceives along the way since its decision usually builds up on these. 

Focusing on the user concerns, the use case will build trust towards user comfort in AVs interacting 
with human-driven vehicles (which is also reflected through the survey results, with majority of the 
user groups involving pedestrians, decision makers, developers and especially AV users reflect 
positive perspective on the aspect). Especially in mixed traffic (AV and human-driven vehicles), 
unforeseen situations may occur, which this use case tries to address to. For instance, this is addressed 
in the scenario involving robustness of hybrid AI planning stack against unknown contexts. Robust 
and understandable behaviour of the vehicle impacts positively to foster trust of occupants regarding 
their personal safety. Even in unforeseen situations, the users are informed why the vehicle takes 
certain decision which also builds trust in situations when the vehicle behaviour was not what the 
occupant expected. 

5.1.4. UC4: AI-based traffic management 

The solutions developed within the use case focus on target user groups involving road authorities, 
road operators/managers, fleet operators, road users (i.e. AV in-vehicle/remote operators, non-AV 
on-vehicle drivers). The geographical scope of the use case will primarily focus on urban networks 
(representation of real-life site in Dutch municipality) involving both AVs and non-AVs as the mode of 
transport. In contrast to other use cases in AITHENA, this use case focuses on a network rather than 
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by the AV. Considering user expectations towards situations such as less congestion, fewer vehicle 
crashes, fewer vehicles on road, and mobility system being more sustainable, UC4 will have an indirect 
impact. Supporting AVs with TM information via digital infrastructure can increase the reliability and 
robustness which results in less congestion and less travel time. Assessing edge cases and knowing 
parts of the network makes it possible to plan to avoid those parts. 

Based on the identified concerns from the user survey, the use case does not refer to extreme weather 
conditions and building confidence of AV users towards privacy protection (with cybersecurity not 
being within the scope). It will play an indirect role in building trust towards user comfort in AVs 
interacting with human-driven vehicles by providing and sharing data to increase transparency. With 
the use case focusing more on a network level than a vehicle level, on the one hand, it does not 
consider individual usage of AVs, and does not contribute towards building trust through no 
discrimination for the users based on their appearance. On the other hand, in the second cycle of the 
AITHENA project, UC4 will provide insight into how introducing AVs will impact the safety on the 
network level and build trust towards AVs to be safe during travel by assessing safety 
measures/indicators as input for KPIs. It will address scenarios including equipment/system failure of 
an AV (identified as the most critical factor discouraging use of AVs) by assessing the impact of AVs 
not being able to continue. Perhaps this will not specifically involve breakdowns, but certainly include 
situations where AVs are reaching the limit of its capabilities or ODD.  
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ANNEX I 
 
This annexure shows the published user survey template including survey logic, which was finalised 
based on the workshops mentioned in chapter 2 as follows: 

 

Start of Block: Intro 

Thank you for taking the time to reply to this survey on self-driving vehicles, which is part of the EU AITHENA 
project. It should take 10-15 minutes to complete. 
  
This survey aims to understand people's needs, expectations, and concerns in relation to all types of road-
based passenger vehicles (buses, taxis, shared vehicles, personal vehicles, etc.) which are fully automated and 
self-driving. For the purposes of this survey, self-driving vehicles are vehicles:    

- in which the occupants of the vehicle do not participate in driving activities but must be prepared to 
take over control if requested by the vehicle for safety,   

- which communicate on an ongoing basis with other vehicles on the road and with their surroundings 
(e.g. with traffic lights),   

- obey all traffic regulations (including speed limits).   
 
Data protection: This survey does not collect any personal details from respondents and all information is fully 
anonymised. For more information on the project's privacy policy please visit: https://aithena.eu/privacy-policy/ 

End of Block: Intro 
 

Start of Block: Profile 

Q2.2 How do you describe yourself? 

o Male  (1)  
o Female  (2)  
o Non-binary  (3)  
o Prefer to self-describe  (4) __________________________________________________ 
o Prefer not to say  (5)  

 
Q2.3 How old are you? 

o Under 18  (1)  
o 18-30 years old  (2)  
o 31-40 years old  (3)  
o 41-50 years old  (4)  
o 51-60 years old  (5)  
o 61-70 years old  (6)  
o 70+ years old  (7)  
o Prefer not to say  (8)  

Skip To: End of Survey If How old are you? = Under 18 
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Q3.5 How important is each of the following criteria to you when you choose your transport mode for daily 
trips? 

 Not at all 
important 

Slightly 
Important 

Moderately 
Important 

Very 
Important 

Extremely 
Important 

 
 1 2 3 4 5 

 

Predictability () 

 

Trip Duration () 

 

Personal Safety () 

 

Direct door-to-door travel (no transfers) () 

 

Individual service (no sharing) () 

 

Getting some exercise while I travel () 

 

A comfortable environment () 

 

The possibility to read or work on the way () 

 

The possibility to interact with others on the way () 

 

Other () 
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Q3.3 How often would you travel in a self-driving vehicle for the following activities? 
 Daily Weekly Monthly Yearly Never Not 

Applicable 
 

 1 2 3 4 5 
 

Door-to-door commute (to school/work/other) () 

 

First/last part of a trip (e.g. to reach a public transport 
stop or airport) ()  

Journeys to accompany others (e.g. children to school) () 

 

Errands (groceries, shopping, etc.) () 

 

Leisure activities (sports, restaurants, etc.) () 

 

Going on vacation () 

 
 
Q3.4 To what extent would you trust self-driving vehicles in each of the following environments? 

 No trust 
at all 

Low level 
of trust 

Moderate 
trust 

High level 
of trust 

Complete 
trust 

Not 
Applicable 

 
 1 2 3 4 5 

 

Urban environment () 

 

Suburban environment () 

 

Inter-city (not highway) () 

 

Inter-city (highway) () 

 

Rural () 

 

Off-road (trails) () 
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Q3.6 How interested are you in using a self-driving vehicle in the following scenarios?  

 Not at all 
interested 

Slightly 
interested 

Moderately 
Interested 

Very 
Interested 

Extremely 
Interested 

 
 1 2 3 4 5 

 

Owning my own. I would be responsible for finding a 
place to store it (similar to personal car ownership). ()  

Having access to a fleet of different kinds of shared self-
driving vehicles whenever I want, booking and paying by 

time and distance travelled. The vehicle would pick me 
up at the reserved time and I am responsible for storing 
the vehicle only during reserved time (similar to today's 

car sharing). () 

 

Hiring one on a pay-per-use basis to pick me up and take 
me where I need to go (similar to a taxi service). ()  

Booking a self-driving shuttle service that picks me up on 
short notice, is shared with other passengers going in a 
similar direction, and drops me off near my destination 

(similar to on-demand shuttle). () 

 

Using an automated public transport vehicle (e.g. bus, 
shuttle) with fixed routes and stops, in a high-frequency 

24hr service () 
 

 
 

End of Block: Identification of mobility needs 
 

Start of Block: Expectations 

 
Now we would like to learn about your expectations from self-driving vehicles, including how you imagine such 
services will work, how you would interact with the vehicles and what impacts this could have on your daily life.  

 

Q4.3 Where self-driving vehicles operate regularly in traffic and you are an occupant of the self-driving vehicle, 
how important do you think it is to be informed about the following: 

 Not at all 
important 

Slightly 
Important 

Moderately 
Important 

Very 
Important 

Extremely 
Important 

Not 
Applicable 

 
 1 2 3 4 5 

 

What types of information the vehicle's sensors 
recognise (e.g. weather conditions, people) ()  

How the vehicle makes its decisions (e.g. to stop, give 
priority to others) ()  

In what situations you, as the occupant, might need to 
take over control ()  
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Q61 Where self-driving vehicles operate regularly in traffic and you are a passenger in a self-driving 
shuttle/bus, how important do you think it is to be informed about the following: 

 Not at all 
important 

Slightly 
Important 

Moderately 
Important 

Very 
Important 

Extremely 
Important 

Not 
Applicable 

 
 1 2 3 4 5 

 

What types of information the vehicle's sensors 
recognise (e.g. weather conditions, people) ()  

How the vehicle makes its decisions (e.g., to stop, 
give priority to others) ()  

Whether there is an onboard security supervisor / 
backup driver ()  

Whether there is remote security supervision () 
 

 
 
Q62 Where self-driving vehicles operate regularly in traffic and you are a pedestrian or cyclist, how important 
do you think it is to be informed about the following: 

 Not at all 
important 

Slightly 
Important 

Moderately 
Important 

Very 
Important 

Extremely 
Important 

Not 
Applicable 

 
 1 2 3 4 5 

 

When a self-driving vehicle is nearby () 
 

How nearby self-driving vehicles make their 
decisions (e.g., to stop, give priority to others) ()  

When a human driver is taking control of a nearby 
self-driving vehicle ()  

 

 

Q4.6 How important is it for you to be able to do work or recreational activities in a self-driving vehicle? 

o Not at all important  (1)  
o Slightly important  (2)  
o Moderately important  (3)  
o Very important  (4)  
o Extremely important  (5)  

 

 

Page Break  
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Finally, we would like to understand your concerns with regard to self-driving vehicles. 
 

 

Assume that self-driving vehicles are widely available (e.g. personal car, shared mobility like buses or taxis). You 
can encounter them as an occupant / passenger, pedestrian, cyclist, etc. 
 
Q5.3 Do you agree with the following statements? 

 Strongly 
disagree 

Somewhat 
disagree 

Neither 
agree nor 
disagree 

Somewhat 
agree 

Strongly 
agree 

I don't 
know 

 
 1 2 3 4 5 

 

I would trust a self-driving vehicle to safely take me to 
my destination ()  

I would feel comfortable allowing my school-aged child 
to travel alone in a self-driving vehicle ()  

I would trust the self-driving vehicle to be safe and 
reliable in extreme conditions (rain, fog, snow, darkness) 

() 
 

I would feel comfortable as an occupant without control 
in a self-driving vehicle ()  

I feel confident that my privacy would be protected 
when I use a self-driving vehicle ()  

I feel confident that I would be protected from 
cybersecurity breaches or data theft in a self-driving 

vehicle () 
 

As a pedestrian or cyclist, I would feel comfortable 
sharing the road with self-driving vehicles ()  

I would feel comfortable about a self-driving vehicle 
making critical decisions where harm to humans is 

unavoidable () 
 

I would feel comfortable with the ability of self-driving 
vehicles to interact with human-driven vehicles ()  

I feel confident that self-driving vehicles would behave 
consistently towards all people regardless of appearance 

(e.g. clothing, race, gender, etc.) () 
 

I feel confident that I would not be wrongly held liable 
for a decision made by a self-driving car in which I am an 

occupant () 
 

I feel confident in my ability to learn how to operate a 
self-driving car ()  

 
 

 

Page Break  
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ANNEX II 
 
This annexure shows the survey results (in charts and tables) which is discussed in Chapter 3 for the 
user group needs, expectations and concerns as follows: 

 

 
 

 

 

Figure 32: Graphs showing level of trust towards self-driving vehicles in urban, suburban, and 
inter-city environments 



 

108 
 

 
 

Figure 33: Level of importance for criteria towards choosing a transport mode for daily trips 
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Figure 35: OLR for the level of interest in using an AV through a car-sharing service vs. different independent 
variables. 
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Figure 36: OLR for the level of interest in owning an AV vs. different independent variables 

 
 
 

 
Figure 37: Corresponding needs for a comfortable travel doing selected activities (if any) in a self-

driving vehicle 
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