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1 Summary of Scientific Publications in SCOUT 

This deliverable presents the scientific publications which were produced by the SCOUT project 

partners in the framework of SCOUT. This made sure that the SCOUT findings are presented to wider 

scientific audience. The ITS World Congress 2017 in Montreal and the AMAA 2018 Conference in 

Berlin were efficient publication platforms. Furthermore, the Springer publication series “Road 

Automation” is a prestigious forum for the presentation of scientific papers. SCOUT published a paper 

here in the fifth issue which appeared in 2018. Last but not least, the SCOUT results were presented 

on a Poster at the Automated Vehicle Symposium 2018 in San Francisco (USA), which is enclosed 

here at the end of this document.   

 

In the Annex hereafter the following publications can be found:  

 

- Devid Will, Lutz Eckstein, Steven van Bargen et al., State of the art analysis for Connected and 

Automated Driving within the SCOUT project, Scientific Paper, ITS World Congress Montreal, 

2017. 

 

- Gereon Meyer, European Roadmaps, Programs, and Projects for Innovation in Connected and 

Automated Road Transport, Road Automation 5, Springer International Publishing Switzerland, 

2018.  

 

- Jörg Dubbert, Benjamin Wilsch, Carolin Zachäus, Gereon Meyer , Roadmap for Accelerated 

Innovation in Level 4/5 Connected and Automated Driving, AMAA 2018 Conference Book, 

Springer International Publishing Switzerland, 2018 
 

- Benjamin Wilsch, Hala Elrofai, Edgar Krune, Challenges and Opportunities of Artificial 

Intelligence for Automated Driving, AMAA 2018 Conference Book, Springer International 

Publishing Switzerland, 2018 
 

- Carolin Zachäus, Jörg Dubbert, Benjamin Wilsch, and Gereon Meyer , Poster: “A 

COMPREHENSIVE ROADMAP FOR LEVEL 4/5, CONNECTED AND AUTOMATED DRIVING 

IN EUROPE”, Presented at the Automated Vehicle Symposium 2018 in San Francisco    
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2 Annex – Publications  

 

In this Annex the publications are attached to this document in the following order:  

 

1. Devid Will, Lutz Eckstein, Steven van Bargen et al., State of the art analysis for Connected and 

Automated Driving within the SCOUT project, Scientific Paper, ITS World Congress Montreal, 

2017. 

 

2. Gereon Meyer, European Roadmaps, Programs, and Projects for Innovation in Connected and 

Automated Road Transport, Road Automation 5, Springer International Publishing Switzerland, 

2018.  
 

3. Benjamin Wilsch, Hala Elrofai, Edgar Krune, Challenges and Opportunities of Artificial 

Intelligence for Automated Driving, AMAA 2018 Conference Book, Springer International 

Publishing Switzerland, 2018 

 

4. Jörg Dubbert, Benjamin Wilsch, Carolin Zachäus, Gereon Meyer , Roadmap for Accelerated 

Innovation in Level 4/5 Connected and Automated Driving, AMAA 2018 Conference Book, 

Springer International Publishing Switzerland, 2018 
 

5. Carolin Zachäus, Jörg Dubbert, Benjamin Wilsch, and Gereon Meyer , Poster: “A 

COMPREHENSIVE ROADMAP FOR LEVEL 4/5, CONNECTED AND AUTOMATED DRIVING 

IN EUROPE”, Automated Vehicle Symposium, San Francisco 2018   
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Challenges and opportunities of artificial intelligence for 
automated driving 

Benjamin Wilsch, Hala Elrofai, Edgar Krune 

VDI/VDE Innovation + Technik GmbH (Benjamin.Wilsch@vdivde-it.de), TNO (Hala. Elrofai@tno.nl), 
VDI/VDE Innovation + Technik GmbH (Edgar.Krune@vdivde-it.de) 

Abstract  

The advancement of automated driving (AD) depends on a multitude of influencing factors, however, 
achieving higher levels of automation fundamentally hinges on the capabilities of Artificial Intelligence 
(AI) to perform driving tasks. Improvements in AI hardware and the availability of large amounts of 
data (Big Data) have fueled the rapid increase in AD-related research and development activities over 
the past decade and are thus also the key indicators for future development. The shift from humans to 
AI in vehicle control unlocks many of the well-established potentials of AD, but is also the root for 
many non-technical issues that affect its introduction. Starting from the state of the art of AI for AD this 
chapter discusses key challenges and opportunities that mark the development path. 

1 State of the Art 
 
Although the possibility of using computers to control cars was already proposed in the late 1960’s [1] 
and a suitable software algorithm for lane recognition based on Artificial Neural Networks (ANNs) was 
developed as early as 1989 [2], research and development for automated vehicles (AVs) did not 
become a prime and widespread interest until the late 2000s. This was principally due to the fact that 
the use of ANNs for image/object recognition (via classification or prediction) requires both sufficiently 
efficient hardware for the parallelized execution of matrix multiplications and adequate amounts of 
data for training ANNs. In the course of two decades the former restrictions were gradually alleviated. 
The CPU performance initially increased in line with Moore’s Law, but, more importantly, it was 
possible to fundamentally boost the performance of relevant algorithms with the switch to GPUs in 
2009 [3]. The functional and widespread application of ANNs in Machine Learning (ML) was further 
enabled by the availability of large amounts of training data (Big Data), which has increased in an 
unprecedented manner with the introduction of digital and mobile devices as well as corresponding 
storage and communication technologies. The subsequent success of ML in several fields, e.g. 
speech recognition, image analysis and machine language translation have made this subdomain of 
AI methods the dominant solution for practical applications.  
For the analysis of the role of AI for AD it proves meaningful to take a step back and analyze the 
landscape of current research and development efforts in the field.  
While Advanced Driver-Assistance Systems (ADAS) support human drivers in certain driving tasks, 
e.g. by maintaining a specified velocity or keeping the vehicle in lane, increasing automation with the 
successive transfer of driving responsibilities to AI requires a complete set of capabilities spanning 
environment recognition as well as motion planning and control. The methods and hardware that can 
be employed to meet these requirements are detailed in the following sections. 
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1.1  AI methods for automated driving 

The concept of Artificial Intelligence (AI) originates from the development of artificially intelligent robots 
in the first half of the 20th century. In 1950 the logical framework of AI was formulated [4]. The 
academic research field of AI was founded in 1956 at the Dartmouth Summer Research Project on AI. 
It was anticipated by scientists, mathematicians, and philosophers that AI would make a machine as 
intelligent as a human.  
ML was the root of the successful development of AI-based applications over the past decade, but it is 
important to note that it only represents one subcategory of AI that emerged three years after AI 
became a recognized academic research topic. At the time, ML was pursued in parallel to a 
knowledge-based approach and built on the theory of neural networks developed in the 1940s as well 
as statistical reasoning to allow decision-making based on probabilistic models rather than relying on 
explicit programming.  
In ML, a knowledge representation is deduced from a given training data set that describes an 
application lacking an analytical model. The computer system thus gains experience which can 
subsequently be applied to previously unseen data to make predictions, recommendations or 
decisions [5]. The insufficient efficiency of neural networks led to a decades-long standstill in the field 
of ML, which was only overcome in the 1980s with the development of backpropagation as a method 
to optimize the weights in an ANN. Backpropagation is a method used primarily in reinforcement 
learning, in which the computer system is presented with inputs and outputs and the model is adapted 
to reproduce the desired behaviour. More specifically, input values are processed in multiple 
intermediate and hidden layers (forming a Deep Neural Network [DNN]) to produce the output values, 
with the underlying principle inspired by the current understanding of the human brain. Weights are 
then assigned to the individual nodes of the layers and, in backpropagation, the gradient of the error in 
the output (the loss function) is used to adjust the weights of the nodes. As a result, ANNs can be 
employed to approximate complex non-linear functions and successively improve performance on new 
data.  
ML also encompasses supervised and unsupervised learning methods, which can be used to identify 
patterns in labelled and unlabelled data respectively. Reinforcement learning is closely related to 
supervised learning but may rely solely on the attribution of a reward in response to an output rather 
than requiring labelled data. The three ML methods can be applied for classification, regression and 
clustering tasks based on large data sets and the specific algorithms include linear and logistic 
regression, decision trees (e.g. iterative dichotomiser 3 or random forests), support vector machines 
and Bayesian models. Amongst the ML methods and algorithms DNNs have been the focus of ML-
related research efforts over the past decade, yielding variations adapted to specific learning tasks 
and algorithms, including feedforward networks, convolutional neural networks, recurrent networks, 
generative adversarial networks (GANs) and long short-term memory (LSTM) [5]. 
For AD, deep learning methods using ANNs are of fundamental importance for environment 
recognition (object detection based on image classification) which provides the basis for motion 
planning and control. As discussed above, the application of these methods was enabled by ignificant 
advances in computer hardware, which will be detailed in the following section. 

1.2  AI hardware 

Training an ANN requires High-Performance Computing (HPC) to process the big data. Therefore, 
compute-intensive technology became essential for the progress in AI making companies with the 
corresponding know-how and infrastructure the drivers of the AI technology. Moreover, inference 
requires high computing power and is thus not easily performed on edge devices with restrictions on 
the energy supply. Additionally, some applications require real-time capabilities. Fortunately, strong 
hardware improvement is possible by means of optimization of the chip architecture to the arithmetic 
operations of the ANNs which correspond mainly to matrix multiplications. The basic optimization 
strategy is based on parallelization thanks to the so-called “embarrassingly parallel workload”. A 
straightforward solution was to perform general-purpose computation on GPU to accelerate the 
training significantly. GPUs enable much higher data throughput compared to CPUs and reduce the 
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power consumption at the same time. Another hardware solution is based on Field-Programmable 
Gate Arrays (FPGAs) which enable designers to reprogram the underlying hardware architecture to 
support the parallel computing operations. Application-Specific Integrated Circuits (ASICs) outperform 
FPGAs since they are specifically designed and optimized for a certain task. Such multi-processor 
System-on-Chips (SoCs) incorporate GPUs, CPUs as well as accelerator cores optimized for certain 
operations like image processing. Their big disadvantages are their inflexibility and the high 
development costs. Today, off-the-shelf hardware is not optimized for ML. Therefore, there is a high 
demand for hardware innovations. Fortunately, there are several approaches to increase the 
computing power and to minimize the power consumption [6]. 
The enormous potential impact on all industry segments led to a race for more efficient chips between 
IC vendors, tech giants, IP vendors and various start-ups. It is remarkable that various start-ups try to 
compete with the big IC giants in such a cost-intensive industry branch. Designing an ASIC can cost 
up to hundreds of millions of dollars requiring a large team of experienced engineers. The long design 
process (typically 2-3 years) necessitates a large number of chip sales and regular improvement is 
necessary to adapt to fast changing software development. Especially the early state of the AI 
technology can lead to significant changes in the hardware development in the upcoming years. Only 
the enthusiastic conviction that the new chips tailored for AI applications can strongly outperform state-
of-the-art hardware can justify such investments and the confidence to compete with heavily 
experienced IC giants. 
In the automotive sector and for CAD developments in particular, there is a high demand for better 
hardware and various innovations are expected in the near future. As an indication, several trends and 
developments are provided in the following: 

 MobilEye introduced its fifth generation SoC “EyeQ5” for fully autonomous driving at the CES 
2018 which will be in series production by 2020. The performance target is to achieve 24 
trillion operations per second (TOPS) under a power consumption of 10 W. The most 
advanced TSMC 7 nm-FinFET process is considered for production to address the 
performance targets. Intel plans to combine the EyeQ5 with its “Intel Atom” processor and to 
develop an AI computing platform for autonomous driving. Intel and MobilEye claim that two 
EyeQ5 SoCs and an Intel Atom processor will be sufficient to enable fully autonomous driving.  

 The automotive supplier ZF built the “ZF ProAI” supercomputing self-driving system which is 
based on the “Nvidia DRIVE PX 2 AI” computing platform. ZF claims to follow a modular and 
scalable system architecture that can be applied to any vehicle and tailored according to the 
application, the available hardware and the desired automation level. Audi is using this self-
driving system in the worldwide first level 3 vehicle where self-driving capabilities are achieved 
in jam traffic on an autobahn up to a speed limit of 60 km/h. Baidu cooperates with ZF and 
announced to use the “ZF ProAI” for automated parking.  

 Nvidia introduced its new SoC “Xavier” at the CES 2018 which will offer up to 30TOPS under 
a power consumption of 30W. The chip will be fabricated by the TSMC 12nm-FinFET process 
and the series production starts in 2019. True level 5 autonomous vehicles will need at least 
two of such chips to provide sufficient computing power. Therefore, Nvidia’s new “DRIVE 
Pegasus AI” computing platform will incorporate two “Xavier” SoCs and two discrete GPUs. It 
will enable 320 TOPS and consume up to 500 W. According to Nvidia the computing power 
should be sufficient for fully autonomous driving.  

 NXP developed its “BlueBox” autonomous driving platform. It incorporates an automotive 
vision and sensor fusion processor capable of processing AI applications. The performance is 
stated as 90,000 Dhrystone million instructions per second (DMIPS) under a power 
consumption of 40 W.  

 Renesas has a similar automotive computing platform with its “R-Car” SoCs which achieve 
40,000 DMIPS.  

More general hardware solutions are necessary due to the demand for higher computing power, lower 
power consumption and cost reduction. More sensors will be attached to the car in the future. Under 
the frame of the ImageNet contest the performance of object detection was increased by means of 
higher model complexity in the last years. This tendency implies higher amount of parameters of the 
ANNs. Safety is a crucial issue for the breakthrough of self-driving cars. Therefore, more complex 



D7.8 – Report on Scientific Publication 

29 
 

models will be presented to increase the robustness of object detection and inference. This 
corresponds directly to more complex AI algorithms and a growing demand for computing power and 
higher energy efficiency. In automotive the new SoCs tailored for machine learning tend to be more 
complex since high data throughput is necessary and moving data between different chips 
deteriorates the performance. Moore’s law still assures continuous increase of the number of 
integrated transistors on chip. Therefore, the size of future optimized SoCs should scale up. For 
example, Nvidia’s new “Xavier” SoC is one of the most complex systems to date with more than 9 
billion transistors. Both market leaders MobilEye/Intel and Nvidia plan the first series production of 
their new SoCs and already mentioned the development of next SoC generations (Nvidia’s “Orin”, 
MobilEye’s “EyeQ6”). It is important to note that Nvidia’s Xavier SoC architecture was recently certified 
with the highest safety rating ASIL-D of the automotive industry’s standard for functional safety ISO-
26262 by TÜV SÜD. This is an important step since autonomous driving requires maximum safety.  
Standardization of an open automotive AI platform can increase competition between IC 
manufacturers and make OEMs and Tier1s more independent from IC giants. Another possibility are 
close cooperation between IC manufacturers, OEMs and Tier1s leading to distinct solutions for 
automotive AI computing platforms. In such a scenario e.g. an “Intel Inside” label could be a unique 
selling point if the performance differs significantly between IC manufacturers. One argument for 
distinct solutions could be a higher efficiency thanks to a hardware-software co-design process.  
Today, Nvidia and Intel/MobilEye offer hardware as well as software solutions. But both market 
leaders offer separate solutions as well. It enables modular hardware integration in open platforms 
such as “Apollo” from Baidu. Both approaches can be successful. At this point it is not obvious which 
approach will ultimately find widespread application. 
On the basis of the current state of AI hardware and methodology for AD, which was established 
above, it is now possible to examine the opportunities and challenges intertwined with their application 
in the following section. 

2  Opportunities 
 
Besides its decisive role in enabling automated driving, AI in the form of ML also provides the key 
capabilities for the interaction between the driver, who will successively transition into a user of 
autonomous services, and the vehicle. In this field of human-computer interaction, applications can 
draw directly from the success of ML in the field of natural language processing and facial recognition. 
Such functionality can be employed initially to enhance safety as driver assistance systems in low-
level automation, e.g. by detecting driver fatigue and alerting the driver, may then be employed for 
gesture recognition to enhance driver comfort in higher level automation, before eventually enabling 
the provision of new services to users of autonomous vehicles. For example, a face scan could be 
used to access a vehicle and the integration of digital assistants in vehicles paves the way for various 
new service offers for drivers/users increasingly freed from driving obligations.  
The use of brain-machine interfaces further unlocks potentials in vehicle operating by providing 
alternatives to mechanical controls such as gas pedals or steering wheels and thus providing access 
to humans not capable of operating the established control system [7]. Such applications present 
prime examples for the potential of AI to reproduce and eventually surpass human capabilities in a 
given task. In autonomous vehicles, the effect of the AI-enabled augmented social inclusion in mobility 
will be complete, since all humans will have access to mobility services, independent of physical and 
mental capabilities or age. If the current progress can be sustained, then AI driving systems will 
ultimately not only succeed in emulating human capabilities but will achieve superhuman driving 
capabilities, thereby eliminating human error as the dominant cause of road accidents. 
AI can further shape the future of mobility by enabling improved traffic flow and vehicle usage, a field 
that is ideally suitable for the application of ML and which thus naturally hinges on the availability of 
large data sets on vehicles distribution and movement. An optimized management of both individual 
vehicles and fleets can further be achieved by employing predictive maintenance to increase the 
vehicle service time. 
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The potentials of AD discussed above, which are unlocked by the use of AI methods, present the 
central motivation for pursuing its development. In many cases, precautions must be taken to ensure 
that the objectives are achieved and not negated, e.g. if achieved levels of social inclusion in terms of 
physical capabilities are thwarted by limiting access to mobility services based on price and thus 
income. While such circumstances are marked by a strong uncertainty and are thus difficult to foresee, 
the development of AD based on AI faces some key technical and non-technical challenges that must 
be resolved before high-level automation can be achieved. These are examined in the following 
section. 

3  Challenges 
 
Utilizing AI to achieve vehicle automation presents a fundamental shift in mobility, which cannot be 
adequately addressed by focusing solely on the technical development. The EU Coordination and 
Support Actions (CSAs) CARTRE and SCOUT, which started in 2016 and will end in 2018, attempted 
to tackle the complexity of Connected and Automated Driving (CAD) development by establishing a 
category framework to guide discussions.  
In SCOUT, hurdles and accelerators along CAD roadmap paths were analyzed using a five-layer 
model differentiating between technical, legal, human, economic and societal factors. The majority of 
the non-technical aspects that may hinder CAD deployment can be traced back to the transfer of 
driving responsibility from humans to AI. Questions pertaining to e.g. ethics or liability essentially 
concern the appropriate and regulated application of AI. User acceptance further critically hinges on 
the societal understanding and expectations of AI. It is thus important to remember that CAD is one of 
the various applications of AI, which has the potential to disrupt mobility as it is known today and which 
must be approached with great caution given its critical role in the safety of all road users. For certain 
issues of CAD development, user acceptance, it will thus be possible to learn valuable lessons from 
other AI applications and, inversely, successful and widespread implementation of AI-controlled 
vehicles can pave the way and serve as a model for other AI applications, e.g. in health, where ethics 
and user acceptance are equally critical aspects. It is clear that humans are prone to be far more 
forgiving with respect to the humanly more easily comprehensible errors of drivers that cause 
accidents than with computer errors. This skewed perception is further amplified by the disparity in 
media attention attributed to rare but entirely new and unusual accidents caused by computer error in 
comparison to common human errors. In consequence, research indicates that AI-controlled cars 
would need to outperform humans by one to three orders of magnitude to ensure user acceptance [8].  
The CARTRE project tackled the complexity of CAD using eleven topical categories, one of which was 
dedicated to “Big Data, AI and their application” and thus reflecting the central importance of each of 
these two fields for the successful application of the other. During the course of the project, links to 
other topics were established and again showed clearly that even if CAD cannot be equated with AI, 
many of the issues that must be resolved for its implementation are direct consequences of the use of 
computer intelligence. The input for the EU research agenda that was presented in the respective 

CARTRE position papers
1
 for Big Data and AI covers legal (regulation and insurance) and ethical 

aspects as well as requirements for data availability and testing and validation methods. Although the 
development of new AI-based CAD functionalities will always have to occur within the ethical and legal 
framework, it is the questions concerning data availability, AI training and validation and the 
traceability of AI-based decision-making that are at the root of the discussion of ethical and legal 
aspects and will further be decisive for future improvement of vehicle intelligence and CAD 
implementation. These issues will thus be examined in more detail below. 
 
 

                                                      
1
 available online at www.connectedautomateddriving.eu 
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3.1  Data availability 

AI performance relies strongly on the available training data. This data has to cover all traffic scenes 
under different weather situations in an adequate amount to assure appropriate action of the AI driven 
vehicle in every situation. The lead in the development of AD is often measured by the accumulated 
data although synthetic data gained more and more importance in recent years. It should be noted 
that both traffic and driver behaviour differ strongly between countries. Therefore, car manufacturers 
and suppliers are running their own vehicle fleets collecting data in different countries which 
correspond to important markets. One of the highest amounts of data was collected by Waymo and 
currently amounts to 11.3 million driven km.  
There are also open data sets such as Kitti or CityScapes but they are very limited and cannot 
compete with the data collected by the companies. Recently, ApolloScape was released as the largest 
open data set under frame of Baidu’s AD platform Apollo. The volume is 10 times higher than any 
other open data set. Moreover, open data sets created in a virtual environment such as Synthia are 
also available. But these are also orders of magnitude smaller than the 8 billion km simulated by 
Waymo. 
In general, it is questionable what amount of data is necessary to ensure that autonomous vehicles 
cause fewer accidents than humans. Statistical estimations suggest that data from up to hundreds of 
billions of driven kilometres have to be collected to provide an actual advantage of AD over human 
capabilities. For example, according to a Rand Corporation report [16] 100 vehicles have to drive non-
stop for 500 years to achieve 20 percent safer driving capabilities than humans. 

3.2  Training and validation 

If AI is to replace humans in driving, it must be able to accurately and reliably detect the location and 
environment of the vehicle and then make the correct decision for action based on this information. As 
discussed, in ML the correct interpretation of visual or radar images is achieved by training the AI 
system on large amounts of data so that it can subsequently also correctly categorize previously 
unseen images. The collection of relevant data can be achieved by driving a car equipped with the 
typical sensors around and the total distance travelled in such test drives can serve as a first 
quantitative indicator of R&D activity in the field. The test drive distance does, however, not allow 
conclusions about the quality and completeness of the training data, i.e. on the one hand a test drive 
could take place on private grounds with no or limited traffic or in dense urban traffic, and on the other 
hand, critical situations are, by design, extremely rare. Even extensive test drives will thus not provide 
sufficient data on edge cases to ensure that these can be handled by AI. Critical situations, i.e. those 
that are dangerous for vehicle passengers or other road users, can, furthermore, not be recreated for 
test drives. It is thus necessary to supplement real-world test drives with AI training on synthetic data 
generated from simulations of real-world scenarios. For example, Waymo has produced training data 
from over eleven million kilometers of real-world testing and combined this with over three billion 
virtual kilometers, while e.g. Nvidia has provided a simulation environment (AutoSIM) to developers. 
Synthetic data also offers the advantage that it is, by nature, already labeled, while labeling is an 
additional step that must, at least to a given extent, be performed manually for data acquired by 
imaging sensors.  
Even after combining real-world and virtual training data, the question remains, whether this allows AI 
to react appropriately in rare but critical situations. This is the central prerequisite for the validation of 
AI-based driving functions. An answer is proposed by the GENESIS project [9] of the German 
Research Center for Artificial Intelligence (DFKI) and the German certification body TÜV Süd and 
relies on the assertion that it will be possible to define the comprehensive scope of driving scenarios, 
to translate this into constraints for the virtual training scenarios and to then run a large number of 
simulations with incremental variations until the testing regime may be considered complete. Such a 
procedure could allow for a benchmarking of the development process using reproducible and 
standardized test scenarios, scalable and fast simulations and, ideally, open architectures for the 
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integration of different models and simulations. The ultimate objective would be to establish a virtual 
homologation agency for AI driving functions. 

3.3  Traceability of AI-based decision-making 

Due to the lack of analytical model to link the inputs and outputs of ANNs used in deep learning 
methods, a decision-making process relying on their application is intrinsically not traceable and thus 
raises fundamental questions concerning the use of AI for AD. Since the given inputs and monitored 
outputs of an ANN are linked via a complex deep layer structure in which the weights between nodes 
have been adjusted in an extensive training process until the desired behavior is obtained, it is 
eventually impossible to deduce how a specific decision was made. ANNs thus essentially present a 
black box for which only the inputs and outputs are known, while the process by which outputs are 
produced can only be defined in terms of linkage weights. For AD, a system with this lack of 
traceability poses problems concerning the liability in case of accidents and also presents questions 
relating to the ethicality of entrusting ML-based AI with potentially life-threatening tasks. Moreover, if 
an autonomous vehicle is trained as an end-to-end system, the inability to model the decision-making 
process results in a lack of modularity, since individual components of the AD system cannot be 
replaced without necessitating a renewal of the entire training process to once again translate given 
inputs into desired outputs (decisions) [9]. While the limited traceability of ML-based decision-making 
is not an unsurmountable hurdle for the introduction of AI, it does require the development of specific 
solutions, e.g. module-specific training algorithms, and is also an intrinsic characteristic of ML, which 
has led researchers to pursue alternative AI methods (see section 5.1). 
 
The previous sections have highlighted the central challenges faced by ML-based AI applications for 
AD, which can present significant roadblocks on the way to its deployment. The question of how these 
problems can be resolved is, however, usually accompanied by the question of where AD will be 
introduced first. Influencing factors that may affect this race for AD and which ultimately revert to 
questions about AI capabilities are thus discussed below. 

4  International competitiveness 
 
Since extensive competences in AI are essential to achieve high-level automated driving, they can 
also be used to assess which country or region provides the best breeding ground and is thus likely to 
be the frontrunner in AD introduction. From a historical viewpoint, the U.S. has long been a lone leader 
in the field, but past years have seen the emergence of China as a serious competitor, driven not least 
by substantial government support and funding. In 2017 the Chinese government presented its plan to 
become the world’s primary AI innovation center in both research and applications by 2030, which it 
backed, e.g., with a 1.8 billion Euro investment in an AI technology park in Beijing. By that time, 
Chinese researchers and developers had already succeeded in closing the gap on the U.S., ranking 
second in patents filed on AI-related topics and first in the number of research papers on deep 
learning (since 2014) [10]. While the U.S. also presented a strategic plan on AI in 2016, the EU is yet 

to present a strategy
2
 that assures its competitiveness in the field and thus currently relies primarily on 

national strategies, as have been introduced recently in France or Finland. The need for imminent 
action has, however, been identified and several initiatives were launched in the first half of 2018, 
primarily: the signing of a Declaration of cooperation on AI by 27 EU member states and Norway (as of 
May 2018) followed by a call for private and public investments in AI amounting to at least 20 billion 

                                                      
2
 A coordinated plan has been announced for the end of 2018. 



D7.8 – Report on Scientific Publication 

33 
 

Euro by the end of 2020
3
. The latter cannot match the venture capital provided to companies in China, 

where around 425 billion Euro of funds were expected to be raised via Government Guidance Funds 
in 2016 with another 250 billion Euro coming from private funds [11], and in the U.S.  
In the outline for a European approach, the European Commission (EC) also acknowledged the need 
to modernize education and training systems to establish a talent pool that can advance AI 
technologies. Currently, the availability of ML experts cannot match the demand, resulting in a 
significant surge in salaries and strong international competition over available talent (including a 
significant brain drain from China to the U.S.). The U.S. clearly leads the world in terms of the size and 
average experience of the workforce [12], a field where China is also trying to catch up, after the first 
undergraduate course in AI was established as recently as 2004. The advantage held today by the 
U.S. is in large a result of substantial investments in STEM education in the 1960s, which should thus 
also be a priority of governments today. As an example, the German Federal Association for AI has 
included a call for data science education starting in third grade as part of its 9-step plan to advance AI 
in Germany [13], an initiative that has already been implemented by the Chinese Ministry of Education 
with both a plan for increased education in coding starting in primary schools and an “AI Innovation 
Action Plan for Colleges and Universities”. To respond to the expected spike in demand of AI talent, 
the EC planned to invest 2.3 billion Euro specifically in digital skills between 2014-2020.  
The non-technical implications of AI and the way in which these are approached and handled will also 
have significant effect on international competitiveness. Specifically, regulations concerning data 
protection and privacy, which impedes the access to data as the fuel of ML, and the comprehensive 
discussion of ethical issues can have a restrictive effect on the speed of innovation in AI. With the 
introduction of the General Data Protection Regulation (GDPR) and the planned presentation of 
ethical guidelines for AI development by the EC by the end of 2018, researchers in the EU certainly 
face the strongest constraints. It must, however, be noted that given the fundamental societal 
transformation that a widespread application of AI technologies could trigger as well as the potential 
threats of AI, a cautious and balanced approach is justified. 

5  Outlook 
 
AD can unquestionably only be achieved by developing AI that is capable of reliable and safe vehicle 
control, therein matching, if not exceeding, human capabilities. The explanation of the role, 
opportunities and challenges of AI for AD above has, however, also underlined that, although major 
advances have been achieved over the past decade, comprehensive development efforts will also be 
required over the next one and that substantial non-technical issues must also be resolved in the 
process. Some potentials that either serve to accelerate development or provide alternatives if, e.g., 
legal or ethical problems prove to be substantial roadblocks, are presented as an outlook in the 
following two sections.  

5.1  Alternative methods 

As explained above, the current success of AI in various applications and particularly in the field of AD 
rests entirely on ML. Other AI methods should, however, not be disregarded, especially if they provide 
the opportunity to circumvent the non-technical issues. Some research efforts are thus directed 
towards the development of “explainable AI” methods that provide full traceability and an in-depth 
understanding of the decision-making process. For example, so called “grey-box solutions” are 
intended to integrate physical models in existing algorithms, in order to increase the control over the 
intermediate steps of decision-forming.  

                                                      
3
 1.5 billion as part of the Horizon 2020 programme, 2.5 billion from public-private partnerships and over 0.5 billion via the 
European Fund for Strategic Investment. 
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An interpretable, mathematical model for safety assurance is proposed by MobilEye where rule-based 
driving results from analytical description of the driving state. As long as the vehicle fulfills certain 
conditions it should not be able to cause an accident [8]. This could result in a fully retraceable white 
box solution and enable validation and certification of self-driving capabilities. In this case planning will 
be explainable while sensing the environment will still rely on classification by AI. But the sensor 
redundancy (camera, lidar, radar) should assure reliability. A key argument to follow this path is that 
safe and reliable AD cannot be assured just by collecting training data. According to statistical 
estimations the necessary amount of collected data is too high [14] as well as the necessary energy to 
process this data. The sensitive public reactions to accidents of self-driving cars demand explanations 
for the cause and it is highly unlikely that the users would accept a black box explanation.  
Other approaches include solutions inspired by cognitive science, which intend to imitate the way in 
which humans understand and learn models of the physical world and which may include methods 
such as detecting intentions of road users from facial expressions. For example, the MIT spin-off iSee 
aims to mimic human common sense, thereby reducing the dependency on large amounts of data and 
enabling traceable decision-making that is easier to validate. Perceptive Automata unites 
neuroscientists and computer scientists to develop autonomous vehicle software with an intuitive 
understanding of driving scenarios. If successful, such AI methods could significantly boost the 
system’s ability to cope with unfamiliar situations. 

5.2  New hardware development 

The aforementioned chip designs correspond to a software implementation of ANNs and its execution 
on conventional von Neumann chip architectures. Here, a major factor contributing to the power 
consumption and the training or inference duration is the data transfer between the memory and the 
processing units. The complexity of more powerful ANNs increases and so does the amount of 
weights representing the synapses. These have to be transferred between memory and the 
processing units while processed data input propagates through the ANN. The latencies and 
bandwidth limitation associated with the data transfer is called the “von Neumann bottleneck” and 
restrict the data throughput. Moreover, the data amount of the weights can be too large to be stored 
on a local on-chip memory.  
An alternative way is to implement ANNs directly in hardware by means of neuromorphic chips. Here, 
the memory and the processors are not separated. Every artificial neuron represents a processing unit 
and has its own memory so that the computing is performed at the data location by means of the 
neuron connections. Furthermore, the neuron communication is not controlled by a central clock. The 
communication is only initiated if the corresponding neurons are stimulated. This is a much better 
imitation of biological neural networks. The lack of data transfer between memory and the processing 
units and the asynchronous communication concept raises the potential to reduce the power 
consumption significantly. A vast variety of implementation concepts can be found in the literature [15]. 
So far, this approach is mainly investigated by academia and is widely ignored by the industry. IBM 
was the first company investigating neuromorphic computing and presented its “TrueNorth” chip in 
2011 before the actual breakthrough of deep learning and the resurgence of convolutional neural 
networks (CNNs) in 2012. In 2016 it was shown that a trained ANN can be mapped to such a 
neuromorphic chip and approach state-of-the-art classification accuracy [16]. The huge advantage 
was the very low power consumption of only 275 mW while processing 2600 frames/s. Currently, Intel 
is working on its own neuromorphic chip “Loihi”. Here, the signal processing is based on asynchronous 
spiking similar to biological neurons. According to Intel this chip combines training and inference, 
supports different ANN topologies including recurrent neural networks (RNN), can be used for 
supervised as well as for reinforcement learning and is continuously learning. Intel calls it a test chip 
and is going to share it with universities and research institutions. Samsung announced collaboration 
with leading Korean universities to develop a neuromorphic chip. In Europe, neuromorphic computing 
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is investigated under the frame of the Human Brain Project since 2013. The Belgian research institute 
Imec introduced its own neuromorphic chip in 2017.  
This technology is very young and a lot of research has to be done to explore its full potential and to 
verify its capabilities. The claims about the potential performance are orders of magnitude of higher 
power efficiency and orders of magnitude of faster learning capabilities. If these promises are only half 
true, neuromorphic computing should attract high interest of the industry in the future. Neuromorphic 
chips are ideal for classification tasks but not for precise calculations like conventional processors. 
Therefore, these have to be embedded in conventional hardware which deals with rule-based 
navigation in traffic. Furthermore, new software has to be designed to integrate such chips in 
conventional hardware systems. 

6  Conclusion 
 
Based on the experience from work in the European projects SCOUT and CARTRE the objective of 
this chapter was to highlight the role of AI for the development of AD. Beside an overview of current AI 
hardware and ML-focused methodology, key opportunities and challenges for the application of AI 
have been discussed and may, in the case of non-technical issues, also serve as examples for the 
application of AI in other fields. Future development paths and alternative methods that may help to 
resolve specific non-technical issues have also been explored. Due to the central importance of AI for 
AD, future development and international competitiveness in particular will be closely related to AI-
specific capabilities.  
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Abstract    

This chapter is summarizing the findings of the EU-funded Coordination and Support Action “Safe and 
Connected Automation in Road Transport” (SCOUT) that has established a comprehensive and 
structured roadmap to describe innovation paths towards an accelerated development and 
deployment of high degree automated driving, i.e. particularly SAE levels 4 and 5. With the 
involvement of a multitude of experts, the project assessed a number of use cases and development 
trends, identified societal goals and challenges, and formulated a future vision for connected and 
automated driving (CAD). It also analysed the state of play in technologies and business models and 
identified gaps and risks. Hurdles for achieving the vision have been recognized, actions to overcome 
those hurdles have been found at technical, societal, economical, human factors and legal layers, and 
interlinks between those actions have been described. Finally, opportunities to leapfrog hurdles for 
innovation in level 4/5 automated driving by a coordinated interplay of actions have been described for 
five specific use cases: automated on-demand shuttle, truck platooning, valet parking, delivery robot, 
and traffic-jam chauffeur.  

1  Introduction  

Field operational tests and pilot projects with vehicles capable of fully automated driving or self-driving 
functionalities have started in cities and regions all around Europe and the world. In particular, 
autonomous on-demand shuttles and robot taxis are popular among policy makers and city planners, 
both in the U.S. [1] and in Europe [2]. The reasons are manifold: Such vehicles may provide a cost-
efficient opportunity to fulfill obligations in public transport, particularly for the last mile, they use road 
space more efficiently, and thus reduce the number of cars on the road. Furthermore, they show the 
way towards a IT-enabled future of shared transportation of people, goods, and probably equipment 
and services. Therefore, it can be expected that such vehicles will have a high disruptive innovation 
potential in mobility. [3] 

Equipped with advanced systems for environment perception and decision making, automated 
vehicles conventionally follow a reactive bottom-up safety paradigm. Like humans, such systems may 
fail. There are opportunities for making an automated car close to 100% safe by a more proactive, 
communication based approach [4]: One could equip the infrastructure with sensors that “look around 
the corner” and tell the car what they see, and one could further advance the artificial intelligence of 
the control system to better understand particular traffic scenes, e.g. whether a pedestrian standing at 
the curb will cross a road or not. One could also aim for a top-down safety concept, limit the use of 
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automated vehicles to fenced lanes, or apply control from a central traffic manager. Whether and when 
what solution will be feasible depends merely on money and law than on technical concept.  

The purpose of this chapter is to report on the findings on the interplay of technical and non-technical 
factors of innovation in level 4/5 automated driving made by the Coordination and Support Action 
entitled “Safe and connected automation in Road Transport” (SCOUT) that the European Commission 
funded between July 2016 and June 2018. [5] The project’s objectives comprised: 

• To identify pathways for an accelerated proliferation of safe and connected high-degree 
automated driving (SAE 3-5) 

• To take into account user needs and expectations, technical and non-technical gaps and risks, 
viable business models as well as international cooperation and competition.  

• To help the automotive, the telecommunication and digital sectors need to join forces and agree 
on a common roadmap  

The consortium, which was coordinated by VDI/VDE-IT, included Renault, FCA, BMW, Bosch, NXP, 
Telecom Italia, NEC, RWTH, Fraunhofer, CLEPA, and Sernauto. A number of public expert workshops 
with external stakeholders representing supply and demand side of technology development, and 
particularly individual user groups were organized, and steps towards a comprehensive roadmap were 
taken. For the creation of the roadmap, a story mapping process was applied, that started from 
analyzing the innovation context, then defined a future vision, analyzed the state of the art, and finally 
recognized opportunities and hurdles as well as ways to close the “gap” between state of the art and 
vision with concrete actions. It can be expected that the SCOUT project by its structured and 
comprehensive approach will add cohesion and insight to the diverse landscape of for building a 
common European Strategy on CAD. [6] 

2  Future Vision on CAD 

User-centric approaches have proven to be particularly effective for developing vision and roadmaps 
on the future of transportation, recently. [7] Implications of CAD are specific for each use case and 
business model, and for all partners in the value creation process. In the discussions with societal 
stakeholders representing different user perspectives, the SCOUT project found a number of high, but 
common expectations, though: zero fatalities, no traffic jams, productive travel time, social inclusion, 
reduced operation costs, and vanishing borders between the transport modes. Consequently, when 
asked about their future vision on CAD, users sketched an ambitious picture. From their point of view, 
the basic idea of CAD is strongly connected with the concept of seamless mobility of people and 
goods on demand. Ideally, the implementation of such concept needed to ensure that no 
compromises are made on safety, solutions are effective and affordable, and save or free time for the 
user. Asked about specific solutions that would embody the key elements of the vision users referred 
to a great number of advanced ideas, ranging from robot taxi, universally designed vehicles and 
services, logistic hubs as well as connected traffic systems and more. Putting those potential solutions 
on a simplified map of geographical spheres, starting from urban via suburban, rural and interurban 
environments towards the international area, the great diversity of use cases becomes evident. 
Actually, there are four areas of particular interest, namely mobility as a service, passenger transport, 
goods delivery and infrastructure. It turns out, that the essence of the common future vision consists in 
level 4 and 5 automated driving in the different use cases. The technical challenges are very similar, 
though, and may be solved by smart systems that combine sensing with connectivity and intelligent 
decision-making. [8] However, due to a complex interplay of technical and non-technical issues, 
advanced automated or self-driving cars have not yet reached full maturity, oftentimes miss a viable 
business case and are not yet allowed on public roads. Hence, the process of roadmap development 
could be expected to be particularly troublesome. 
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3  State of the Art  

The analysis of the state of the art for high level connected and automated driving carried out by the 
SCOUT project was structured with reference to the five layers model: Besides the technical layer as a 
basis for connected and automated driving functions, further layers describe the relevant non-technical 
issues, i.e. human factors, economics, legal, and societal aspects. The layers are strongly interlinked 
and they each are covering three interrelated topics, the driver (or passenger), the vehicle and the 
environment.  

The in depth analysis was primarily focussed on the technical, the legal and the economic layer, as 
reported elsewhere [9], though, all layers were covered by the project’s activities. Regarding the state 
of the art of CAD on the technical layer, the SCOUT project distinguished three major functional 
domains, environment perception (“sense”), decision making (“think”), and control (“act”). It was 
concluded that technical solutions have been found for most issues already, even though some 
significant challenges remain, e.g. sensing under adverse weather and lighting conditions, decision 
making fully acknowledging intentions of people on the road, and control with fail operational 
capabilities. Moreover, the availability digital infrastructure for connectivity and communication turned 
out to be understood as critical for making CAD a safe product, even though discussion whether it 
would rather be a necessary than just a sufficient condition, particularly in complex urban environment, 
are on-going. It was also concluded that awareness of cyber security issues of CAD exists, as for level 
4/5 all control functions are safety critical; concepts for a long-term protection are missing, though.  

For the state of the art of CAD in the legal layer, it was concluded that the Vienna Convention, which 
most European Countries have ratified and turned into national law, due to an amendment that 
entered into force in early 2016 [10], now is covering level 3 automation, but not yet levels 4 and 5. 
National regulations may grant exceptions, however, e.g. for testing. 

On the state of the art of CAD at the economic layer, a number of use case of CAD were analysed 
regarding value proposition, value creation partners, and monetization potential, e.g. valet parking, 
truck platooning and automated on-demand shuttles.  

4  Comprehensive Roadmap Approach 

Aiming to map out the paths towards the users’ ambitious future vision on CAD while acknowledging 
the state of the art, the SCOUT project took a structured and comprehensive story mapping approach 
of roadmap development: The five-layers model that already was found to be appropriate for a 
description of the state of the art, was applied to build an action plan on level 4/5 automated driving. At 
two public workshops with the involvement of dedicated experts for fields of all the five layers 
(technical, social, economic, human factors, legal), gaps between state of the art and vision were 
recognized and actions were identified for each layer, linked to actions in other layers, and aligned on 
the time scale. While the outcome was a close-to-complete list of research, innovation and framework 
needs that complemented one another, it lacked coherence completely. In contrary, the links that the 
experts indicated in between the actions, revealed that technical and non-technical he challenges are 
highly related to each other with many actions requiring the outcome of others before they can start. 
The many inter-lead to locked-in situations, creating a kind of Gordian knot. This indicates that the 
development and deployment of level 4/5 CAD be heavily delayed if it is not comprehensively 
coordinated. This is a typical feature of complex innovation processes that comprise a number of 
technical and nontechnical dimensions. The SCOUT project consortium therefore concluded that for 
delivering useful indications, the roadmap approach needed to be distinct not just for the five layers 
but for specific use cases, and focused on well-defined milestones on the way towards the vision. 
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Supposedly, such use case specific and targeted roadmaps could help to anticipate roadblocks and 
highlight agile shortcuts, enabling an accelerated innovation process.  

5  Use Case Specific Roadmaps 

In order to properly address the complexity of the comprehensive innovation planning process for level 
4/5 connected and automated, the SCOUT project thus developed a simplified and use case specific 
roadmap template covering (a) a story map with hurdles and opportunities on the way from state of the 
art to future vision, (b) goals in terms of milestones on the timeline towards the vision, and (c) a plan of 
timely sequenced actions in the five layers back-casted from one of the milestones. It is assumed that 
the actions in the roadmap trigger each other, e.g. by an invention, customer demand, business 
model, user needs, product design, norm or regulation. As this helps to anticipate time sinks and risks 
for delays in the innovation process, opportunities for taking agile shortcuts between the layers should 
be incorporated into the design of the action, e.g. demonstrations, sandboxes approaches, co-creation 
session, and living labs. [6]  

Taking into consideration the expert inputs on gaps and necessary actions gathered at the public 
project workshops the template has been used to establish roadmaps for five different use cases and 
specific milestones of level 4/5 CAD, namely: 

 Automated on-demand shuttle (fig. 1) 
 Truck Platooning (fig. 2) 
 Automated valet parking (fig. 3) 
 Delivery robot (fig. 4) 
 Traffic jam chauffeur (fig. 5) 

These roadmaps have been validated at an additional workshop with experts for all five layers, and 
were presented at the Automated Vehicles Symposium 2018 in San Francisco, CA (USA). [11] 
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Figure 1: Roadmap for the automated on-demand shuttles use case. 
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Figure 2: Roadmap for the truck platooning use case. 
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 Figure 3: Roadmap for the (automated) valet parking use case. 
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Figure 4: Roadmap for the delivery robot use case.  
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Figure 5: Roadmap for the traffic jam chauffeur use case.  
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6  Conclusions and Outlook 

The SCOUT project succeeded to solve the Gordian knot of locked-in interdependencies between 
required actions that occurred when it was tried to describe the innovation path towards level 4/5 
connected and automated driving in terms of a comprehensive roadmap covering technical, social, 
economic, human factors and legal aspects. For this, a clear distinction of use cases and a focus on 
milestones were key. The roadmaps on automated on-demand shuttles, truck platooning, delivery 
robots, valet parking, and traffic jam chauffeur resulting from the SCOUT project are highly relevant in 
view of the European Commission’s ambition to become a world leader in connected and automated 
driving as stated in a strategy communication that was launched with the 3rd mobility package, 
recently. [12] According to that strategy, e.g. low-speed self-driving urban shuttles and delivery 
vehicles may be available on European streets from 2020 on, though further development of those 
technologies will take yet another decade. Even though the SCOUT roadmap is not able to be more 
specific on the actual time line, it points out the necessary actions on the five layers of the plan, and 
highlights opportunities for accelerated innovation. Thereby, it will be an important input to current 
process of building an implementation plan of the Strategic Transport Research and Innovation 
Agenda (STRIA) on Connected and Automated Driving that the European Commission has launched. 
The methodology and the results of the project may by applied to related topics in the near future, e.g. 
on assessing the potential synergies of electrification and automation at technology and application 
levels, and on describing the options of technology transfer from the 2-dimensional road transport 
domain to the 3-dimensional world of taxi and delivery drones.  
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