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ABSTRACT

Driverless shuttles are a modern vehicle platform designed to operate autonomously, constituting a very
promising building block of future mobility solutions. At Continental, there is a long experience with these
types of vehicles. In this paper, some of this experience regarding operating such vehicles during development is
shared. In particular, the focus is on how a safe operation can always be ensured. To this end, a release process
for such an operation, how a pragmatic safety assessment can be done and some of the peculiarities of driverless
shuttles are presented.

INTRODUCTION

With recent technological advances, fully autonomous vehicles become more and more realistic. Driverless
shuttles, aiming at SAE L4 autonomy, are expected to be one of the major pillars of future mobility and an ideal
entry point for fully autonomous mobility solutions.

The absence of a human driver in the chain-of-effects of L4 systems changes the demands on the actual vehicle
architecture and layout. Driverless shuttles, see Figure 1, are consequently designed for driverless operation
without traditional instrumentation like brake pedal or steering wheel. Comparable in capacity to a small bus,
the shuttles are normally capable to drive at lower speeds of up to 20 kph and are operated in private or sub-
urban areas, providing first and last mile services. Notwithstanding this restricted operational design domain
(ODD), they complement existing mobility solutions like taxis, busses, or trains, especially when operated in an
on-demand service. Hence, shuttle systems are an ideal candidate to introduce driverless systems to a wider
usage. For more information, please refer to [1], [2], or [3].

Figure 1. A driverless shuttle, developed during the CUDE activities at Continental.
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Currently, driverless shuttles are operated predominantly in pilot applications. Direct feedback is retrieved from
users of the service at this early stage. For recent examples see [4], [5], or [6]. In parallel, the technology
matures as more and more field experience is collected. Continental has a long and successful history connected
to driverless shuttles. Within the Continental Urban Mobility Experience (CUbE) activities such systems are
developed and operated in Germany, USA, China, and Japan. This includes operations on public roads in mixed
traffic and even pedestrian zones. Here, a deep understanding of the specifics of driverless shuttle systems has
been developed, especially regarding their safety aspects and how such systems can be released for an intended
use. See e.g. [7], [8], [9] as well as [10] for more information.

While established manufacturers like EasyMile [11] and Navya [12] already have a certain market penetration,
recently more and more companies have focused on driverless shuttles, e.g. Zoox [13], Cruise [14] or ZF [15].
However, compared to traditional automotive business, existing shuttle systems are typically not automotive
grade yet and are built on smaller scales. In addition, most deployments still require a safety operator to be on
board as the technology itself is not yet capable of operating without human supervision, although this is
obviously the major focus of development of shuttle manufacturers.

Due to the non-traditional design of the shuttles, also the development of such vehicles varies in some aspect
from traditional vehicles. Any driverless system must fulfill the highest safety standards as a human is not
available anymore as a fallback level. Established safety analysis methods like HARA [16] and FMEA [17] are
often not sufficient for analyzing such complex systems.

Addressing this gap, we would like to share our approach and our insights in the field of driverless shuttles to
benefit the development of safe and reliable driverless shuttle solutions. In this paper, we present a pragmatic
approach regarding the safety argumentation of prototypes for driverless shuttles. The intent is to provide a
general viewpoint on this topic which can serve as a guideline for the safe development and operation of such
systems.

To this end, we present a generic shuttle architecture and investigate which effects the failures of the various
system components can have, up to a level that is relevant for a development prototype. We expand this generic
view by providing insights into a concrete prototype implementation in one of our CUbE vehicles, covering
brake, battery, and steering components as well as the full chain-of-effect of autonomous driving. We elucidate
measures to fulfill safety requirements based of the safety analysis.

This analysis can serve as a predecessor for more sophisticated and established methods mentioned above while
enabling the operation of the prototype in a safe manner.

A RELEASE PROCESS FOR DRIVERLESS VEHICLES DURING DEVELOPMENT

Central part of operating a prototype vehicle is a defined release process. This process can vary depending on
the specific development of interest. For the development of driverless shuttles, or more general highly
automated vehicles, the process must cover the assessment and acceptance of all hazards posed by the system of
interest, especially when trialing and operating in a public environment.

In recent years, driverless vehicle trials have been based solely on exception permits. Only recently, the
worldwide first L4 law has been passed in Germany, see [18], [19], or [20], providing a solid legal basis for the
development and homologation of L4 systems. However, for the application of said law in actual development
activities, details still must be clarified, see [21].

The major steps of such a release process are depicted in Figure 2, following a corresponding Continental
internal prototype process. It involves the clear definition of the system of interest and its intended usage, the
thorough analysis of said usage and finally the approval of the intended usage. All of these steps are based on
various assessment results. This process was applied during the CUbE activities and will be the frame of the
content presented in the subsequent chapters.
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Figure 2. Exemplary Process for an intended usage release (IUR), showing the major steps towards a safe
operation of the prototype vehicle.
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ANALYSIS OF THE INTENDED OPERATION

An important building block to release a development system is the description of the system of interest and the
intended operation. For the latter, the following topics needs to be analyzed:
- System environment:
o  What is the operational environment or domain in which the system is being used?
o  What are the actors involved and what are their respective roles?
- System context:
o With which people or systems does the system interact or exchange information?
- System behavior
o  What is the intended system behavior...
= ...within the environment and with respect to the other traffic participants?
= _..with respect to user interaction?
In the following, the analysis of the operational environment is limited to the intended route to keep the problem
space manageable. Using modern satellite or aerial pictures, digital maps, on-site inspections, and similar data
sources, valuable information about the road topology, expectable traffic participants and constraints to the
operation are gathered. This information allows to split the route into smaller sections, like connecting roads and
intersections or other areas of interest This creates a sort of scenario catalogue of the intended operation. An
example is given in Figure 3.

Figure 3. Aerial picture of a route (green), including route detail and extracted relevant scenario. Material
taken from https://geoportal.frankfurt.de/.

Scenes and situations outside the route are not considered at this stage and are not part of the immediate
challenge at hand.

Complexity within the operational environment and the shuttle’s system functionality can be increased over
time as the development of the shuttle system continues. This includes certain limitations the system has at a
certain point in time. To challenge these limitations, it is then up to the development team to align on the
appropriate measures. This is done together with the security and safety experts and risk owners. Measures can
be manifold, e.g., performance limitations, additional supportive helping systems, external systems, or even
organizational measures.

The work results from the Pegasus Project [22] are respected and considered for analysis of the operational
environment and systematic identification of scenes and scenarios. One can describe the operational
environment and the ODD in close alignment to the ASAM OpenX Standards [23], especially OpenDrive and
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OpenScenario as well as ISO 34502 [24]. This can be done via the proposed six-layer model as described in the
Pegasus Method [22]:

- Layer I: Street Layer

- Layer 2: Traffic Infrastructure

- Layer 3: Temporal Modifications

- Layer 4: Moveable Objects

- Layer 5: Environment Condition

- Layer 6: Data and communication
and by abstracting the level of detail for scenario descriptions into functional, abstract, logical, and concrete
scenarios.
Structuring the environment analysis into these layers helps to focus on certain topics in the team discussions
with the safety engineers and the function experts. To simplify the problem space further, the route where the
shuttle will be operated is sliced into smaller segments. This allows systematical identification of the road
topology (Layer 1), whether the system needs to support perception of traffic infrastructure, like Traffic Signs or
Traffic Lights, (Layer 2), or if there are temporal modifications like construction sites at the time of the intended
operation (Layer 3). The segments are analyzed and provided to the team in form of a story board table with
some easy understandable annotations.
An exemplary simplified description of one road-segment of the route storyboard from Figure 3 is shown in
Table 1. With this information, the function designers, security, and safety engineers can identify hazards and
hazardous situations according to the intended use. From these results, potential safety measures are derived to
ensure a safe operation. These might include instructions for the safety operator, limiting the system
performance, providing external support for the safety operator, controlling the environment, or others. This is
described in more detail below.

Table 1.
Route-Storyboard element example

Scene and Layout Maneuvers, Activities Topology and Objects Traffic Participants
and Abilities
Follow Lane: L] Cars
- Straight — Buses
- Curve —— | Trucks
Stop at crosswalk Motorcycles
Stop at stop line Cyclists
Follow preceding Pedestrians
vehicle Traffic sign
Traffic light
Perceive traffic light Crosswalk
(and status)
Detect TPOs (other
vehicles and VRUs)
TPO prediction

SAFETY MANAGEMENT SYSTEM

The complexity and novelty constituted by highly automated vehicles requires more than just the functional
safety analysis well established in the automotive industry. With the goal to ensure a high level of safety, not
only at the development phase, but also during the vehicle’s entire lifecycle a Safety Management System
(SMS) was established, following [25]. Figure 4 shows an overview of the SMS in operation.

As can be seen in Figure 4, the SMS was designed to cover all the phases of the Safety Assessment activities
from the development phase (starting after the system definition until the entry-into-service — EIS) until the
product’s end of life. According to the SMS Framework proposed by International Civil Aviation Organization
(ICAO) and used widely at the aviation industry [25], the SMS has four main pillars/components: Safety Policy,
Safety Risk Management, Safety Assurance and Safety Promotion. The scope of this paper is the development
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activity, not the organization. Therefore, special attention will be given to Safety Risk Management and Safety
Assurance only and these two components are described below in more detail.
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Figure 4. Overview of Safety Management System

Safety Risk Management

This SMS component’s activities take place before the entry-into-service and are responsible to ensure that the
operation is safe enough to start. When the operational concept is ready, the safety analysis has the required
inputs and can be carried out. It includes a top-down and a bottom-up approach.

The top-down approach is a hazard-centric analysis based on the System-Theoretic Process Analysis (STPA)
[26]. This, after assessing the operation, defines the accidents (or losses, as denoted in the context of STPA) and
hazards present and search for causal factors. Those could not only be triggered by technical reasons, but also
from human/systems interface and specification/performance insufficiencies. Figure 5 provides a more detailed

overview of the Safety causality chain used in the safety assessment.
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Figure 5. Safety causality chain used during safety assessment.

For the scope of this paper and the generic architecture described below, a simplified bottom-up approach called
“Component Failure and Effect Analysis” (CFEA) is presented. It is based on the Failure Modes and Effects
Analysis (FMEA) method [17] and, as the name says, has the goal to identify the effects of some critical
component failures. In this pragmatic way, however, various insights about driverless systems can already be
collected. Especially, it can be applied nicely to prototype systems such as the one presented below.

After defining the causal factors for every hazard, a set of safety requirements is defined, implemented, and
verified.

Safety Assurance

Considering the operation of highly automated vehicles contains a high number of unknown (and possibly
unsafe) scenarios, see ISO 21448 [27], a special focus was given to the safety assurance part of the SMS.
Support is provided to the people involved in the operation facing an unexpected situation, but also to learn from
mistakes.

This was achieved through the establishment of an Emergency Response Plan. It created a communication
channel from the people involved in the operation to an emergency team that could support and give instructions
anytime. It was not limited to operators and vehicle occupants, but also applying to vulnerable road users.
Additionally, any safety-critical event would be registered in a database, enabling the engineering team to
mitigate any issue that caused this event. The safety assessment can then be updated, and the previously
unknown hazard is now mitigated.
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GENERIC DRIVERLESS SHUTTLE ARCHITECTURE

Having outlined the steps towards the operation of driverless shuttle prototypes, the basic vehicle architecture of
driverless shuttles will be presented in a generic way in the following. The focus will be on the elements related
to driving only, excluding higher-level functionality like environment perception or human machine interaction
(HMI). The architecture consists of several key elements which are independent of the specific type and model.
This is depicted in Figure 6.

Propulsion 1

High level Command

Pre Defined stop scenario

Propulsion 2 @

Figure 6. Generic Architecture of driverless shuttles

Obviously, most of the elements are the same as in traditional automobiles. However, without a human in the
loop, there are different requirements regarding fallback levels, e.g., the redundant layout of the ECUs. Also, the
supervision of the proper functionality of each element must be automatized as well. In addition, certain
components must be redundant, e.g., the brake system. A somewhat special case are the emergency buttons
installed inside the vehicle. They allow the passengers to trigger a Minimum Risk Maneuver in case of an
emergency that the vehicle did not recognize (a so-called Emergency Stop or E-Stop).
In general, each element in the architecture can fail because of four distinct reasons: Loss of power supply, loss
of communication, internal failure (mechanical or electrical), as well as a wrong action or command send to the
element. Any failure of one element can induce other failures or complications in the system. Hence, the
driverless system must be realized such that in each failure case for any key element, it is ensured that the
vehicle reaches a safe state. For currently available commercial systems and in particular for prototype systems,
it is very likely that the system cannot recover from that failure. In that case, an according mitigation must be in
place. Until now a common solution is to install supervision by a human safety operator.
But even in case of human supervision, not all failures can be intercepted by the safety operator, which should
be illustrated briefly in the following. In case the safety operator is standing, all failures resulting in high jerks
and high longitudinal or lateral accelerations can lead to situations in which the operator may not be able to
reach the emergency button to stop the vehicle. In addition, in a well-functioning system, it could be expected
that the safety operator is somewhat distracted, leading to additionally increased reaction time.
Hence, for certain failures like described above, the vehicle must reach a safe state automatically and
corresponding actions must be initiated. These depend on the criticality of the failure. For driverless shuttles, the
most common reaction to a failure is the E-Stop. Depending on the vehicle speed at the failure event, one can
roughly distinguish three possible E-stop scenarios:

- No steering torque and decelerate to standstill with variable braking deceleration (speeds < 15kph)

- Stop in ego lane. Following a pre-defined steering angle and deceleration profile (<70 kph in inner

cities)
- Stop on emergency lane (higher speeds and on highways or rural roads).
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Within the scope of the FCEA, we are looking at the worst-case scenario that can result of each component
failure. In addition, also on this high-level, the severity and probability of the induced hazard can be evaluated.
This should be illustrated in the explicit analysis of selected components for a specific prototype in the next
chapter.

APPLICATION TO A PROTOTYPE SYSTEM

In the following, some details will be provided about one specific shuttle prototype developed at Continental,
the so-called CUbE-3 vehicle (see Figure 7). The intended usage of the vehicle was to operate it on routes like
the one shown in Figure 3. Accordingly, the aforementioned steps towards a release of the vehicle will be
briefly summarized, with a focus on the safety aspects, including the FCEA.

Figure 7. The CUbE-3 prototype vehicle.

After analyzing the route and creating the according scenario catalogue, the top-down safety analysis comprised
of the analysis of the Safety-in-Use, i.e., analysis of all expected human-machine interactions, and the ODD.
For the Safety-in-Use analysis, every human actor with potential contact to the operation was listed. These were,
among others, safety operator and passengers. Using the STPA method, these actors were included in the
vehicle’s control structure and their interfaces were assessed. In this way, every possible unsafe control action
was identified, and safety requirements were generated to mitigate accidents. For example, the safety operator
needs a certain time to detect a hazard, make a decision, and execute it. This reaction time was used to calculate
the minimal distances to objects, such that the operator can bring the vehicle to a safe state at any time. The
vehicle was required to operate only within these limits. Another example considers a situation in which the
vehicle actuation receives ambiguous commands or commands beyond a defined safety limit. To ensure that the
safety operator has the full authority over the vehicle, a hierarchy was created in which the safety operator’s
commands have highest priority and overrule other commands. Also, it was ensured that the safety operator is
the only one that has access to the vehicle controls next to the high-level software during operation.
Corresponding documents were created with instructions for anyone interfacing the operation. These must be
handed out to and respected by the involved people.

After that, the ODD was analyzed and any hazard that can occur during the vehicle operation was identified and
mitigated. This included, for example, areas subject to parked vehicles and people crossing the road. The parked
vehicles may obstruct the vehicle's sensors as well as the safety operator's view and may lead to pedestrians
being detected very late while they are crossing the road. To mitigate this, the vehicle speed was reduced in
these areas and the safety operator was instructed to pay special attention when driving through these areas.
Similar measures were applied to areas in which a higher concentration of pedestrians close to the road or
crossing it is expected.

After the safety assessments mentioned above, the vehicle itself was in focus. The vehicle architecture is
depicted in Figure 8. The basis for the vehicle was an EasyMile EZ10 Gen2 vehicle. The EZ10 is an
autonomous minibus, which has a capacity for ten people and can reach a speed of up to 20kph. The vehicle was
heavily modified, keeping only lights, air conditioning, doors, air spring system and safety lasers from the
original equipment. All other components, including battery, propulsion, steering, brake system, and high-level
sensors were replaced. After the modifications of the vehicle (see Figure 8), it was able to drive up to 30kph.
With respect to the generic driverless shuttle vehicle architecture shown above (see Figure 6), the component
“ECU1” was realized using a rapid prototyping ECU manufactured by Continental. This will be referred to
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simply as “ECU” in the following. For the intended usage of the vehicle, it was acceptable not to be able to
continue driving in case of a failure of ECU1 and the component “ECU2” was not realized. In case of failure of
ECUL, the brake system would directly trigger an emergency stop. Running mainly the high-level software, the
component “High Level Commands” was realized by a PC. The component “pre-defined stop scenario” was a
stop in ego lane as described above.

In the following, a brief analysis of selected components is provided according to the FCEA mentioned above,
including the mitigations for identified hazards.
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Chassis 1 CAN {front}

Chassis 2 CAN (rear)
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Figure 8. E/E architecture of the CUbE-3 prototype vehicle.

Main Brake System

The main brake system is the MKC1 of Continental, having three main roles: Deceleration of the vehicle,
providing anti-lock braking (ABS) or traction control interfaces (TCS) as well as supervision of vehicle
commands send to the brake system. Regarding the latter, in case there are any failures in timing, checksum, or
the values itself, the brake system can degrade the shuttle system and bring the vehicle to a stop automatically.
Using a hydraulic brake system brings the vehicle to a safe stop and standstill, which cannot be guaranteed just
by braking with electric motors. For electrical engines, in comparison, there is a chance that the vehicle even
gets faster or starts driving backwards if there is a failure in the fallback control loop.

Secondary Brake System

The secondary brake system is the Continental MK 100, and it is the fallback system for the main brake system.
Assuming that the fallback level is not active very often, not the whole functional range is needed. For example,
TCS could be disabled in a degraded mode. But basic functions like ABS or Electronic Brakeforce Distribution
(EBD) are still needed, as otherwise the vehicle could get instable during emergency maneuvers with high
decelerations. Also, regular self-tests are required for the fallback level as otherwise there is the risk of a
sleeping failure.

Another requirement for the fallback brake system is that it should be able to deliver higher decelerations than in
normal driving mode. This results from the detection time of the failure. If a deceleration is requested and the
first brake system fails, the shuttle will still be moving, and consequently further decrease the distance to the
object it is braking for. With that also the required deceleration to stop in front of the object increases. For
example, if the maximum deceleration in the driving mode is 3.5m/s? the fallback level should at least reach
Sm/s?. In addition, the maximum jerk and pressure build up time play a big role in such a scenario.
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Steering

In the CUbE-3 vehicle, two steering systems were integrated, one on the front and one on the rear axle. Both are
designed the same way, such that they can reach the same steering angle. In that way, the vehicle is already
equipped with a redundant steering system. Nevertheless, there are failure modes which are different to simple
“loss of steering”: Self-steering and misalignment. The latter typically has a mechanical reason, which can be
regarded as quite improbable, as steering systems are designed in a very safe way. And in addition, the
misalignment is assumed to be only very small in that case.

On the other hand, self-steering is a very dangerous failure case. The available driving path is in most cases very
narrow and most of the time there is oncoming traffic to be expected, e.g., in inner cities. Hence, already a
deviation of 1,5m to the target track can lead to severe incidents. With an assumed lateral acceleration of 6,5
m/s"2, 1,5m are reached within 0,7s. This is clearly below the reaction time of a safety operator. Anyway, even
an immediately started emergency brake maneuver could not prevent a crash in this situation.

Therefore, two safety features were implemented, one regarding the self-steering and one regarding the
maximum steering gradient. The self-steering detection feature checks whether the steering sensors deliver valid
data and whether the actual steering angle is close to the requested one. On the other hand, the steering angle
gradient is limited, with the limitation also being supervised. Both supervisions are capable of directly triggering
a full stop of the vehicle. With that, the reaction time of the driver is taken out of the loop.

48 Volt Power Supply

The CUbE-3 vehicle has been equipped with two 48V power supplies. In that way that the vehicle is capable to
apply engine torque even if one battery fails. As the intended vehicle speeds are below 30 kph and it was
operated only on normal inner-city roads, a safe stop in case one battery fails was an acceptable safety
requirement. As it is not a critical failure if one 48V power supply fails, a moderate deceleration was chosen to
stop the vehicle.

Propulsion

The propulsion system of the CUbE-3 vehicle consists of two engine packages. Every engine package consists
of two Belt Driven Starter Generators (BSGs) with 7kW each, as well as a differential. The maximum
acceleration of the vehicle, however, was limited to 3,5 m/s? to protect standing passengers. Every propulsion
system was connected to its own 48V Battery system, which in turn allowed the continuation of the mission if
one 48V system fails, as described above.

DC-to-DC converters

The vehicle was equipped with automotive-grade DCDC converters. These are controllable via CAN and can
transform energy from 12V to 48V and from 48V to 12V. They have an own supervision and shut off the
DCDC functionality if a failure was detected on one of the board nets, while still communicated this error on
CAN. In that way, a redundant information on the state of the 48V board nets (one from the battery and one
from the DCDC converters) was available. In addition, there was also redundant information on the state of the
12V board nets, one from the DCDC converters and one from the Brake System. Whenever there was a failure
in the board nets or a mismatch of information, a soft stop was triggered.

12 Volt power supply

Most of the actuation and computation devices are feed by 12V. To achieve redundancy, two 12V batteries were
installed in the vehicle. This is rather a brute-force method, but sufficient for the scope of this prototype. A long-
term solution would be to use only one battery and in addition install a supervision, which would decouple the
battery from the board net in case it drains too much current.

High Level command and supervision (PC + ECU)

Within the software stack running the vehicle there was a distinction between high- and low-level software. The
high-level software contains object detection, environmental modelling, prediction, vehicle maneuver and
motion planning. The lower-level software consists of control algorithms and vehicle interface handling.

The lower-level software was again split into two parts, one executed on the PC for the vehicle control
algorithms and one running on the ECU to safeguard the actuator commands and to ensure correct interface
handling.

In case of an error in the vehicle commands from the PC, these were overwritten, and a brake and steer straight
command was sent to the actuators. This was very meaningful, because in case of high acceleration, high
deceleration or high steering requests, the movement of the cabin becomes so severe that the safety operator
would not be able to push the emergency button.

Also, the actuators had safety mitigations. If the commands sent from the ECU were corrupted, the steering was
set to inactive (and with that steering straight) and the brake system was building up brake pressure.
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In any of these cases, a recording was triggered, covering at least the last sixty seconds. The recording was then
analyzed, and the incident was discussed by the engineering team with the safety experts in a safety
management meeting, as defined in the SMS mentioned above.

Emergency buttons

The two emergency buttons are read-in in a redundant way by two ECUs. To be safe against shortcuts, the
emergency stop button voltage was set to be 8V. As soon as it would drop below 5V or increase above 11V an
emergency stop was triggered.

Door System

The door system, originating from busses, was designed to stay closed when a failure occurs. While a bus has
more than one door which can serve as emergency exit, this is not valid in the case of the shuttle. Therefore, the
doors were equipped with an emergency button, which disabled the whole door.

On the other hand, it is possible that this emergency button is pressed during normal operation. Therefore, a
safety mechanism was implemented which triggers a soft stop of the vehicle in that case.

With these analysis results at hand, the CUbE-3 vehicle was successfully released and operated. Similar steps
were performed for other prototype systems at Continental, covering different use cases as well as different
vehicle platforms.

CONCLUSIONS AND PERSPECTIVES

In this paper, it was outlined how prototypes of driverless shuttles can be used during development, either
towards a complete shuttle system or also for specific components or functions thereof. We argued that a certain
release process should be installed in order to safely prepare and operate such prototypes. We presented a
generic view on driverless shuttles in terms of their basic architecture. A safety assessment was then performed
using one specific prototype vehicle developed and operated at Continental as a hands-on example. Here, we
combined both top-down and bottom-up analysis steps to provide a pragmatic way to release such a vehicle. For
the bottom-up analysis, we present a pragmatic approach called Component Failure and Effect Analysis
(CFEA).

The considerations presented here should not substitute existing and established methods but should
complement those within the scope of advanced engineering or development activities in general, in which
sometimes a pragmatic approach delivers more value in a faster way. The results presented here may well be
used as baseline for further developments, such that driverless shuttles become more and more mature in the
near future.

REFERENCES

[1]  ERTRAC Working Group: “Connectivity and Automated Driving", Connected, Cooperative and
Automated Mobility Roadmap, European Road Transport Research Advisory Council (ERTRAC), 2022.

[2]  Department for Transport and Department for Business, Energy & Industrial Strategy: Centre for
Connected and Autonomous Vehicles, Connected & Automated Mobility 2025: Realising the benefits of
self-driving vehicles in the UK, Crown, 2022.

[3] U.S. Department of Transportation, Automated Vehicles 3.0: Preparing for the Future of Transportation
3.0, 2018.

[4] Rhein-Main-Verkehrsverbund Servicegesellschaft mbH, ,,Probefahrt in die Zukunft,” 2022. [Online].
Available: https://www.probefahrt-zukunft.de/.

[5]  Verkehrsbetriebe Hamburg-Holstein, ,,RealLabHH: Hamburg testet die Mobilitdt von Morgen,* 2021.
[Online]. Available: https://vhhbus.de/reallabhh-reallabor-hamburg/.

[6] W. Davis, ,,Toyota e-Palette autonomous vehicles to be rolled out 'within the next few years',” 2021.

[Online]. Available: https://www.drive.com.au/news/toyota-e-palette-autonomous-vehicles-to-be-rolled-
out-within-the-next-few-years/.

Strauf3 10



[10]

[11]

[12]

[13]

[14]

[15]

[16]
[17]
[18]

[19]

[20]

(21]

[22]

(23]

A. Hartmannsgruber, J. Seitz, M. Schreier, M. Strauss, N. Balbierer und A. Hohm, ,,CUbE: A Research
Platform for Shared Mobility and Autonomous Driving in Urban Environments,” in /EEE Intelligent
Vehicles Symposium, Paris, 2019.

C. Pinke, A. Hohm und M. GrieBer, ,,Industrialized technology building blocks for on-demand
autonomous shuttles in urban and sub-urban use cases enabling mass-market scales, affordability,
automotive reliability and safety,” in 27th ITS World Congress, Hamburg, 2021.

F. Lotz, R. Grewe und C. Pinke, ,,A “Common Core” Architecture as an Enabler for Cross-Platform
Autonomous Driving, in Apringer ATZ - Automatisiertes Fahren 2022, Wiesbaden, 2022.

Continental, ,,Autonomous in Continental's and EasyMile's Robo-Taxi at the International Motor Show
(IAA),“ 2019. [Online]. Available: https://www.continental.com/en/press/press-releases/robo-taxi/.

I. Lunden, "EasyMile raises $66M for its autonomous people-and-goods shuttles," 2021. [Online].
Available: https://techcrunch.com/2021/04/28/easymile-raises-66m-for-its-autonomous-people-and-
goods-shuttles/.

Business Wire, ,,Navya Sells 8 Self-Driving Shuttles in the US to Autonomous Mobility Provider
Beep, 2022. [Online]. Available: https://www.businesswire.com/news/home/20220911005052/en/.

Freethink Team, ,,Inside Zoox: The robot vehicle totally changing transportation,” [Online]. Available:
https://www.freethink.com/series/hard-reset/autonomous-vehicle.

A. J. Hawkins, ,,Cruise starts pre-production of its autonomous shuttle thanks to $5 billion from GM,*
2021. [Online]. Available: https://www.theverge.com/2021/6/15/22534945/gm-credit-cruise-
autonomous-vehicle-origin-production.

Sustainable Bus Editorial Team, ,,ZF autonomous shuttle presented in UK, [Online]. Available:
https://www.sustainable-bus.com/news/zf-autonomous-shuttle-presented-uk/.

ISO 26262:2011 Road vehicles - Functional safety, 2018.
AIAG; VDA, FMEA Handbook, 2019.
German Federal Government, Strafienverkehrsgesetz (StVG) (German Road Traffic Act), 2021.

German Ministry for Transportation and Digital Infrastruktur, ,,Verordnung zur Genehmigung und zum
Betrieb von Kraftfahrzeugen mit autonomer Fahrfunktion in festgelegten Betriebsbereichen (Autonome-
Fahrzeuge-Genehmigungs-und-Betriebs-Verordnung - AFGBV),* 2022. [Online]. Available:
https://ec.europa.eu/growth/tools-
databases/tris/index.cfm/de/search/?trisaction=search.detail&year=202 1 &num=344&dLang=DE.

German Federal Government, ,,FAQ Autonomous Driving,” [Online]. Available:
https://www.bundesregierung.de/breg-en/news/fag-autonomous-driving-1916398.

German Federal Motor Transport Authority, ,,Erprobungsgenehmigung gemif § 1i StVG in Verbindung
mit § 16 AFGBV,“ 2022. [Online]. Available:
https://www kba.de/DE/Themen/Typgenechmigung/Autonomes_automatisiertes_Fahren/Erprobungsgene
hmigung/erprobungsgenehmigung node.html.

Pegasus Project, ,,Pegasus,” [Online]. Available: https://www.pegasusprojekt.de/en/.

Association of Standardization of Automation and Measuring Systems, ,,ASAM Homepage,* [Online].
Available: https://www.asam.net/.

Strauf3 11



[24]

[25]

[26]

[27]

ISO 34502:2022 Road vehicles - Test scenarios for automated driving systems - Scenario based safety
evaluation framework, 2022.

Internatioal Civil Aviation Organization (ICAO), Safety Management Manual (SMM) - Doc 9859
AN/474,2013.

N. G. Leveson und J. P. Thomas, ,,STPA Handbook,* March 2018. [Online]. Available:
https://psas.scripts.mit.edu/home/get_file.php?name=STPA_handbook.pdf.

ISO 21448:2022 Road vehicles - Safety of the intended functionality, 2022.

Straul 12



PEER REVIEW PAPER

This paper has been peer-reviewed and published in a special edition of Traffic Injury Prevention 24(S1),
by Taylor & Francis Group. The complete paper will be available on the Traffic Injury Prevention website
soon. To access ESV Peer-reviewed papers click the link below
https://www.tandfonline.com/toc/gcpi20/24/supl?nav=toclList




RESEARCH OF LSTM MODEL FOR VEHICLE CONTROL SYSTEM OF AUTOMATED DRIVING
SYSTEMS (ADS)

Kaisei, Honda Tasuku, Yamazaki Tomohiro, Baba Shoko, Oikawa

Shibaura Institute of Technology, Human Machine System Laboratory

Toshiya, Hirose

Shibaura Institute of Technology, Department of Engineering Science and Mechanics

Paper Number 23-0108

ABSTRACT

Research Question/Objective: This study aims to construct a long short-term memory (LSTM) model of the vehicle
control system for automated driving systems (ADSs) that does not cause annoyance or distrust. Furthermore, this
study investigates the effect of LSTM hyperparameters on model accuracy. A survey showed that certain drivers
did not use levels 1 and 2 of the ADS function because they were annoyed with the driving behavior of the ADS-
controlled vehicle. Although the driving behavior of the ADS-controlled vehicle causes distrust in passengers, it
cannot effectively enable safe driving. This study focuses on a novel vehicle control method that reduces
annoyance and distrust in passengers and contributes to the safe operation of ADSs. These control methods involve
the application of a long short-term memory (LSTM) model that learns long-term time-series data. This system
enables the construction of ADS control algorithms from LSTM models based on personalized driver operations
during ordinary driving.

Methods and Data Sources: LSTM models were constructed for highway driving in the following three driving
scenarios. Scenario-1: following a preceding vehicle, Scenario-2: passing a preceding vehicle at low speed with
lane change, Scenario-3: a sudden lane change by a vehicle in the passing lane in front of the vehicle. The effect
of LSTM hyperparameters on the accuracy of the LSTM model was investigated for each driving scene. The data
of these models were sourced from an experiment using a driving simulator conducted to determine driver behavior.
Results: The results verified the accuracy of the model that simulated the driving operation of the driver. The model
accuracy was improved by setting LSTM hyperparameters. In Scenario-1, the number of units, learning rate, and
the number of epochs affected the coefficient of determination. The coefficient of determination tends to be
particularly high for a large number of units. In Scenario-2, unlike Scenario-1, a large number of units was not
required to obtain a high coefficient of determination. The coefficient of determination did not change with the
epoch. In Scenario-3, similar to Scenario-1, the number of units, learning rate, and epoch affected the coefficient
of determination, whereas the coefficient of determination decreased at epochs above 800.

Discussion and Limitations: In each scenario, the hyperparameters affecting the accuracy were different. A
limitation of this study is that it focuses on the driver model. The LSTM model applying ADS was evaluated.
Conclusions: For the ADS control algorithm (SAE Levels 3, 4, and 5), we constructed LSTM models that reflect

the characteristics of personalized drivers. The results showed that the LSTM hyperparameters affecting the
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coefficient of determination tended to differ among different scenarios. In the future, evaluation of the effectiveness
of the LSTM model when applied to ADS is necessary. Novel control systems for ADS with LSTM models

contribute to the development of ADS system design.

INTRODUCTION

In recent years, vehicles that use automated driving systems (ADSs) and other automated driving technologies
have become increasingly popular. According to a survey of the global market for ADSs, the number of vehicles
equipped with advanced driver assistance systems (ADAS)/ADS is expected to reach 79,153,000 units by 2030
[1]. Although ADS contributes to reducing a driver's driving burden by replacing the driver and improving safety,
there are potential problems that need to be solved in the future. According to a survey of driver feelings regarding
ADAS functions widely used currently, more than 54% of those who own ADAS-equipped vehicles believe that
ADAS functions conversely increase the possibility of accidents, and 70% of drivers have turned off ADAS
functions [2]. The cause is attributed to the low personal adaptability of the system to each driver that significantly
affects the function unacceptability [3][4]. This distrust of the ADAS can also be applied to ADS. For example,
when following a preceding vehicle, the driver may be annoyed by the system's frequent acceleration and
deceleration despite a sufficient distance, or the driver may distrust the system when the system does not make
such a decision even though the preceding vehicle may be traveling at a low speed, and the driver intends to
overtake it. To solve these problems, considering personal adaptability in automatic driving control systems is
necessary [5][6]. The purpose of this study is to develop a long short-term memory (LSTM) model of the vehicle
control system for ADS that does not cause annoyance or distrust and to investigate the effect of LSTM
hyperparameters on model accuracy. Therefore, we propose an algorithm for a new personalized vehicle control
system that contributes to safe driving for ADS, and we use a driver model based on LSTM to construct this system.
Two methods are available for constructing driver models. The first method constructs driver models
corresponding to various driving scenarios by modeling the driver's driving behaviors, such as cognition, decision-
making, and operation. The second method involves constructing and integrating driver operation models that fit
each driving scenario. The second method integrates several driver operation models that are constructed for each
driving scenario. Driving scenarios include free driving, following, lane change, and merging. Operational models
are easier to construct than cognitive and assessment models, and numerous previous studies have been conducted
[71[8][9]. In addition, by limiting the target driving scenario, the driver's cognitive information can be identified.
In this study, driver models were constructed using the latter method. In this study, several personalized driver
models were developed to demonstrate their feasibility of constructing personalized models. The driving scenarios
targeted in this study include car-following, overtaking, and cut-in behaviors. In modeling each scenario, the effect

of the LSTM hyperparameters on accuracy was investigated.

METHODOLOGY
Driving Experiment Using a Driving Simulator
Driving experiments were conducted using a driving simulator (DS) to obtain data regarding a driver's ordinary

driving behavior. The experiment was conducted using a DS, as shown in Figure 1. A six-axis sway device
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equipped with electric actuators was used to simulate the sensation of driving a DS. The six-axis sway device can
simulate the pitch motion caused by the driver's gas pedal and brake operations and the roll motion caused by the
steering operation. The upper part of the six-axis sway device includes a turntable that can rotate £180° and
simulate yaw motion. The screen is cylindrical with a radius of 2.5 m, and six projectors are used to simulate the
traffic scene in all directions. The experiment was conducted on five male participants in their 20s (average age:
21 years). The experimental conditions include three driving scenarios: car-following, overtaking, and cut-in. The
participants were informed to drive under each condition as they typically do, to obtain their driving characteristics.
All these scenarios were simulated in an environment similar to a standard Japanese highway. This study was

approved by the Ethics Committee of the Shibaura Institute of Technology.

Figure 1. Driving Simulator.

Car-following Scenario

An overview of the car-following scenario is shown in Figure 2. In Figure 2, the red, blue, and black vehicles
represent the ego, preceding, and other vehicles, respectively. Participants boarded and drove the ego vehicle; the
preceding vehicle traveled in front of the ego vehicle. The ego vehicle travelled at 100 km/h and followed the last
car in a line of cars traveling at 40—60 km/h caused by a traffic accident until the congestion was cleared. Each
scenario spanned approximately 2 min and 30 s. The drivers were asked to drive in the scenario 10 times to obtain
the training data. During the experiment, we obtained the ego vehicle's velocity, acceleration, velocity relative to
the preceding vehicle, and the headway distance from the preceding vehicle. Driving behaviors of the sequence of

drivers from the beginning to the end of the journey were modeled.
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Figure 2. Overview of the car-following scenario.

Overtaking Scenario

An overview of the overtaking scenario is shown in Figure 3. In Figure 3, the red, blue, and green vehicles represent
the ego, the preceding vehicle in the travel lane, and the preceding vehicle in the overtaking lane, respectively. The
participants boarded and drove the ego vehicle, and the preceding vehicle was placed in front of the ego vehicle.
The green vehicle in Figure 3 travels in the passing lane at a speed of 100 km/h. The ego vehicle traveled at 100
km/h, approached the preceding vehicle traveling at approximately 80 km/h, and decelerated eventually. The driver
subsequently changed lanes to the overtaking lane, passed the vehicle, and changed lanes back to the original lane,
while focusing on the vehicle in the overtaking lane. Each scenario spanned approximately 1 min and 10 s. The
driver was asked to drive the scenario 10 times to obtain training data. In the experiment, we obtained the ego
vehicle's steering angle, acceleration, relative velocity, and headway distance relative to the preceding vehicle and
the relative velocity and distance relative to the vehicle in the overtaking lane. The model targeted the period
spanning from the time the driver turned on the blinker and performed the overtaking maneuver until he returned

to his original lane.

100km/h 80km/h

LI

B =
R =

g Ego vehicle g Preceding vehicle Vehicle in the
overtaking lane

Figure 3. Overview of the overtaking scenario.
Cut-in Scenario
An overview of the cut-in scenario is shown in Figure 4. In Figure 4, the red, blue, and black vehicles represent
the ego, cut-in, and other vehicles, respectively. In this scenario, when the ego vehicle was traveling at 70-80 km/h,
a cut-in vehicle passed it at 100 km/h from the passing lane on the right side and cut in front of it. The distance

between the ego vehicle and the preceding vehicle in the travel lane at the time of the cut-ins was set at intervals
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of 1 m from 7 m to 13 m. The driver was asked to run the scenario 10 times to obtain the training data. During the
experiment, the driver acquired the ego vehicle's velocity, acceleration, relative velocity, and headway distance

relative to the cut-in vehicle. The model targeted 5 s after the cut-in vehicle cut in.

70-80km/h F
=1 100km/h
@ Ego vehicle g Cut-in vehicle g Other vehicles

Figure 4. Overview of the cut-in scenario.

Novel Personalized Vehicle Control System

The proposed LSTM-based ADS control algorithm is illustrated in Figure 5. The data source stores information
such as the relative position and relative velocity of the vehicle with respect to the road user (vehicles, pedestrians,
bicycles, etc.) and the shape of the road on which the vehicle travels in the experiment. The data source can utilize
a connected vehicle system, the V2X (Vehicle-to-Everything) system [10], in which information can be mutually
obtained through communication between the vehicle, road user, and infrastructure. The lower layer of the data
source is a scenario classification model that classifies driving scenarios. Based on the information obtained from
the data source, the system classifies driving scenarios corresponding to the current vehicle environment and
applies a driver model that is appropriate for that scenario. By personalizing the scenario classification model, it
is possible to adapt it to each driver (for example, whether and when to change lanes). After classification, the
driver model was provided with the necessary input data. As mentioned previously, these driver models were
constructed for each driving scenario. In this study, driver models were constructed for car-following, overtaking,
and cut-in scenarios, as an example. A personalized driver model is a position- or acceleration-based model that
considers the driving characteristics of each driver. Because the personalized driver model outputs the vehicle
position and acceleration/deceleration, it cannot control the vehicle directly. The control mechanism (controller)
calculates the acceleration stroke, brake stroke, and steering amount based on the predicted data
(acceleration/deceleration and position) output by the driver model and controls the vehicle. The calculated
operation amounts are applied to the vehicle model to obtain the necessary information for the next control step
that is subsequently fed back into the data source. Consequently, performing personalized ADS control
corresponding to various time-varying driving scenarios is feasible. Based on the premise of this vehicle control

system, we discuss the construction of a personalized driver model using LSTM.
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Figure 5. Proposed ADS control algorithm.

Method of Constructing Personalized Driver Model

We constructed personalized driver models using LSTM. Figure 6 shows the construction flow of the personalized
driver model. LSTM is a type of recurrent neural network that exhibits a superior processing capability for time-
series data. Figure 7 shows the personalized driver models constructed in this study. The inputs for the car-
following and cut-in models include the velocity of the ego vehicle, relative velocity, and headway distance to the
preceding or cut-in vehicle. The inputs for the overtaking model include the steering angle of the ego vehicle,
relative velocity, and headway distance to the preceding vehicle in the travel lane, and the relative velocity and
headway distance to the vehicle in the overtaking lane. The output of the car-following and cut-in models is
longitudinal acceleration. However, the outputs of the overtaking model were longitudinal and lateral accelerations
considering the driving maneuvers. In the LSTM, the number of hidden units, initial learning rate, and number of
epochs were set as parameters for training. Table 1 shows the parameter setting. The numbers of hidden units were
25,50, 100, 150, and 200. The initial learning rates were 0.001, 0.005, 0.01, 0.015, and 0.02. The number of epochs
was 400, 600, 800, 1000, 1200, and 1400. In other words, LSTM was trained 150 times for each scenario and for
all the participants. To ensure reasonable impact of the parameters on model accuracy, we fixed the initial values
that were randomly output. The learning rate was set to decay by 0.999 per epoch. Data obtained from the driving
experiments using a driving simulator were divided into 80% training data and 20% test data to construct the model.
To confirm the feasibility of the model, a highly accurate driver model was constructed based on 150 training sets,

and acceleration simulations were conducted.
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Table 1. LSTM learning parameters

Parameters Value
Hidden units 25, 50, 100, 150, 200
Initial learning rate 0.001, 0.005, 0.01, 0.015, 0.02
Epochs 400, 600, 800, 1000, 1200, 1400
Input layer Hidden layer Output layer
Input Xt Jt Output
LSTM block
data data
Yi-1

Figure 6. Personalized driver model construction flow.
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Figure 7. Personalized driver mode .

Analysis Method

To investigate the impact of LSTM hyperparameters on modeling accuracy, LSTM trained 150 scenarios and
calculated the coefficient of determination from the test results. The formula for calculating the coefficient of
determination is given by Equation (1). The closer the coefficient of determination is to 1, the better the model fits
the test data and the higher the model accuracy.

S0y )P

R?=1 -
T i—y)?

Equation (1)

(y;: measured acceleration; y;: predicted acceleration; y;': average value of the measured acceleration)
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Acceleration simulations were conducted using highly accurate driver models that were constructed based on a
study using the above coefficients of determination. Simulation results were evaluated using the root mean squared
error (RMSE). The formula for calculating the RMSE is shown in Equation (2). The smaller the RMSE, the smaller

the error, and the higher the prediction accuracy.

RMSE = |=3" (y; — y})? Equation (2)

n&i=1

(y;: measured acceleration; y;: predicted acceleration)

RESULT
The results of the coefficients of determination for the driver model constructed with 150 hyperparameters for

each scenario are described below.

Car-following Model

Figure 8 (a) shows a three-dimensional plot of the relationship between the average coefficient of determination
and the hyperparameters for all participants in the car-following model. The color of the plotted points changes
with the value of the coefficient of determination, with a yellow scheme for points closer to 1 and a blue scheme
for points further away from 1. The larger the number of units, learning rate, and epoch, the larger the coefficient
of determination and the more accurate the model. In particular, the coefficient of determination tended to be
higher when the number of units was larger. However, when the number of learning epochs was high for a large
number of units, as in the case of 200 units, 1400 epochs, and a learning rate of 0.02, the expressiveness of the
model became exceedingly high, resulting in overlearning. Figure 8 (b) shows the model with the highest accuracy
(lowest RMSE) from 150 training results for each participant in the experiment. The acceleration simulation results
showed low errors with RMSE values of less than 0.1 [m/s?], and the car-following behavior could be modeled

with high accuracy.
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Figure 8. Car-following model construction results.

Overtaking Model

Figure 9 (a) and 10 (a) show three-dimensional plots of the relationship between the average coefficient of
determination and the hyperparameters for all participants in the longitudinal and lateral directions of the
overtaking model, respectively. As shown in Figure 9 (a), in the longitudinal direction, the coefficient of
determination changed significantly with changes in the number of units and learning rate; nonetheless, no specific
trend was observed. However, the coefficient of determination did not change significantly with the number of
epochs. In particular, a high coefficient of determination independent of epoch was obtained when the number of
units was 150 and the learning rate was 0.02. As shown in Figure 10 (a), in the lateral direction, as in the

longitudinal direction, the coefficient of determination was unaffected by changes in the number of epochs. Figure
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9 (b) and 10 (b) show the model with the highest accuracy (lowest RMSE) among the results simulated from 150

learning results. In both the longitudinal and lateral directions, Participant C exhibited a smaller RMSE for the

simulation results, whereas Participant D exhibited a larger RMSE for the simulation results.
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Figure 9. RMSE values with the highest accuracy of acceleration simulation for each participant.
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Figure 10. Results of constructing an overtaking model (lateral).

Cut-in Model

Figure 11 (a) shows a three-dimensional plot of the relationship between the average coefficient of determination
and the hyperparameters for all participants in the cut-in model. The coefficient of determination tended to increase
with the number of units, learning rate, and epoch. In particular, stable, high coefficients of determination were
obtained for epochs below 800. Figure 11(b) shows the model with the highest accuracy (lowest RMSE) from 150
training results for each participant. As per the acceleration simulation results, participants B, C, and D were
characterized by small RMSEs of 0.21, 0.17, and 0.16 [m/s?], respectively, while participants A and E were
characterized by large error RMSEs of 0.43 and 0.39 [m/s?].
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Figure 11. RMSE values with the highest accuracy of acceleration simulation for each participant.

DISCUSSION AND LIMITATION
The hyperparameters affecting the coefficients of determination tended to differ among the 150 modeled scenarios
in this study. Below, we discuss the LSTM hyperparameters that affect the coefficient of determination for each

model and the RMSE for each participant in the experiment.

Car-following Model
For the car-following model, the number of units, learning rate, and epoch affected the coefficient of determination.

The car-following scenario in this experiment features a more complex acceleration/deceleration behavior and
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various patterns than the overtaking and cut-in scenarios, and a large number of units are required to represent the
driver's driving characteristics. The RMSE values were less than 0.1 [m/s?] for all participants in the experiment,

indicating that the experiment adequately reproduced the driving behavior of individual drivers.

Overtaking Model

In the longitudinal direction, the overtaking model afforded high coefficients of determination, independent of the
number of epochs in the case of 150 units and a learning rate of 0.02. In the lateral direction, high coefficients of
determination were obtained independent of the number of epochs in the case of 100 or more units and a learning
rate of 0.01 or more. The coefficient of determination does not change with the number of epochs. In machine
learning, the accuracy of the model increases as the training progresses; however, after a certain level of training,
the accuracy of the model decreases owing to over-training. As shown in Figure 11 (a), in one case, the accuracy
of the cut-in model decreased at epochs above 800, owing to overlearning. As shown in Figures 9 (a) and 10 (a),
the coefficient of determination did not change with the epoch, suggesting that the parameter set for the number
of learning epochs was insufficient for identifying the trend. The acceleration simulation results for each participant
in the experiment showed that participant D exhibited a slightly larger RMSE than the other participants that may
be attributed to the fact that Participant D performed the overtaking maneuver at a different time from the other
participants in the driving simulator experiment. The other participants in the experiment started to change lanes
after the vehicle in the overtaking lane passed their vehicle, whereas participant D changed lanes before the vehicle
in the overtaking lane passed his/her vehicle. In this study, the intention to begin lane change was not considered,
and only the overtaking maneuver was targeted; therefore, the input data were not optimized. In the future, the
scenario classification model shown in Figure 5 can be used to personalize lane-change decisions, and the accuracy

is expected to be improved by examining the optimal driver model input.

Cut-in Model

In the cut-in model, the number of units, learning rate, and epoch affected the coefficient of determination; however,
unlike the car-following model, the coefficient of determination decreased when the epoch was exceedingly large.
A decrease in the coefficient of determination was observed for epochs greater than 800. This may be because
the driver's driving behavior in the cut-in scenario requires only braking in this study, and thus a highly accurate
model could have been constructed even at low epochs. The results of the acceleration simulations for each
experimental participant showed that participants B, C, and D were characterized by smaller RMSEs, while
participants A and E were characterized by larger RMSEs. A feature of data-driven models is that their prediction
accuracy depends on the training and test data. The reason for the large RMSE for participants A and E in the
experiment may be that they did not have sufficient training data. Figure 12 (a) shows the average acceleration of
the training and test data for each participant during the experiment. Figure 12(b) shows the difference between
the average accelerations of the training and test data for each participant during the experiment. The difference in
average acceleration between the training data and test data was large for participants A and E, indicating that the

training data used in this study were not sufficient to cover the acceleration range of the test data.
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Figure 12. Comparison of training and test data for each participant.
A limitation of this study is that it focuses on the driver model, as shown in Figure 5. We constructed a driver
model for following, overtaking, and cut-in. Nonetheless, there are other scenarios that need to be validated as
well; examples include merging and driving on curved roads. In addition, in the future, we intend to evaluate the

effectiveness of the constructed LSTM driver model when applied to the proposed ADS control algorithm.

CONCLUSIONS

For automated driving technologies such as advanced driver assistance systems (ADAS) and automated driving
systems (ADS) to be accepted by drivers, the elimination of annoyance and distrust is important. Therefore, this
study proposes an algorithm for a novel personalized vehicle control system for ADS. The proposed system
includes a personalized driver model constructed using LSTM. A driver model is constructed for each driving
scene. In this study, a driver model was constructed for car-following, overtaking, and cut-in behaviors, and the

effect of LSTM hyperparameters on the model accuracy was investigated. The results are as follows.
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1. For the car-following model, the number of units, learning rate, and epoch affected the coefficient of
determination. The coefficient of determination tends to be particularly high for a large number of units.

2. Unlike the CF model, the overtaking model does not require a large number of units for realization of a high
coefficient of determination. The coefficient of determination did not change with the epoch.

3. The cut-in model, similar to the car-following model, showed that the number of units, learning rate, and
epoch affected the coefficient of determination; however, the coefficient of determination decreased at epochs

above 800.

Acceleration simulations were performed using the most accurate 150 models constructed. Highly accurate
simulation results were obtained by optimizing the input and training data acquisition methods and the LSTM
hyperparameters. Future evaluation of the effectiveness of the driver model when applied to the ADS is necessary.
We expect that the new control system for ADS using the LSTM model proposed in this study will contribute to

the development of an ADS system design.
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ABSTRACT

Ensuring safety of automated vehicles (AVs) within their operational design domain (ODD) is essential for a
release. In some parts of the ODD, ensuring safe operation is more challenging, requiring more sophisticated
driving capabilities. For example, the same intersection requires different capabilities depending on the selected
turn, i.e., if driving right, left, or straight ahead. To guarantee safe operation, only route sections for which
capabilities for safe driving are available and validated should be selected. So far, the direct relationship between
routes within ODDs and the driving capabilities of AVs has not been explicitly addressed. This paper presents for
the first time an approach to identify routes with driving requirements that do not exceed driving capabilities of
AVs. To this end, this approach builds on the Behavior-Semantic Scenery Description (BSSD), which links
behavioral demands for AVs directly to the scenery as a central element of the ODD. Based on the BSSD, route-
based behavioral requirements are derived. Geometric characteristics of the scenery are used to specify driving
requirements and driving capabilities that can be matched as a function of route and developed matching criteria.
This matching is integrated into a conventional route planner, which as a result determines routes that are drivable
based on the driving capabilities of an AV. The application to a real road network shows that the identification of
capability-based routes is generally possible. Different intersections demand different requirements and lead to
different routes. Nevertheless, several challenges are discussed that need to be overcome for a real-world
application for development, testing, and operation of AVs.

INTRODUCTION

According to the current state of research and technology, the development and release process of automated
vehicles (AVs) is a wide field of unsolved problems. One core challenge is the safety validation of these vehicles,
which can no longer be performed using a conventional statistical approach [1] due to the high complexity of the
overall system. Therefore, alternatives are needed to partially replace the statistical safety validation and thus
reduce the overall effort in the development of AVs. One approach, which is additionally reinforced by various
norms and standards such as ISO/TR 4804 [2] or ISO 21448 [3], is the safety-by-design approach. With the help
of this approach, safety-relevant aspects are to be explicitly addressed in the development from the beginning, so
that the final proof is facilitated. The goal of a safety or functional validation is to prove that the AV behaves
according to the functional specification and does not exhibit any safety-critical deviations from this behavior. In
this context, the functional scope is defined in the operational design domain (ODD), which describes the
operational conditions for which an AV is specified and designed to function [4]. As the only final published
standard for the specification of ODDs so far, PAS 1883 [5] defines the three main components scenery,
environmental conditions and dynamic elements to describe an ODD. As a core element, the scenery describes all
non-movable elements of the ODD. According to Ulbrich et al. [6], the scenery includes, for example, the road
and lane network, but also stationary objects such as traffic lights or curbs. Thus, the scenery describes the space
for the vehicle motion and behavior.

The proof of safe function and operation is thus closely linked to the defined scenery. In order to fulfill its function,
an AV requires driving capabilities that can cope with the driving requirements arising from the scenery within
the ODD. Many problems regarding development and safety validation of AVs are considered in related work,
but the essential minimal task of AVs is often neglected - accomplishing an actual route within the ODD. The
route forms the central element of AVs' mission accomplishment, accurately mapping the interdependencies
between driving capabilities and location-based, different driving requirements of the ODD. Different routes
potentially demand different driving capabilities that must be proven. Therefore, it seems reasonable to design the
development, testing, and operation of AVs based on routes within the ODD.

For this purpose, it is necessary to establish a relationship between the scenery to be driven on and the resulting
driving requirements as well as driving capabilities. The dependency between driving requirements and specific
scenery areas within the ODD is explicitly addressed for the first time in a previous work [7] of the author team
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of this paper. We show how behavioral requirements for AVs can be derived based on routes within the scenery.
For deriving the behavioral requirements, the Behavior-Semantic Scenery Description (BSSD) is used, which was
co-developed by the same author team [8, 9]. The BSSD represents the behavioral limits imposed on AVs based
on the scenery and applicable traffic rules enabling a route-based analysis of the ODD. Based on this previous
work, the present paper develops a method for identifying capability-based routes. The driving requirements of
these routes do not exceed the driving capabilities of selected AVs - no matter if already released or still under
development. These routes and their associated driving requirements as well as required driving capabilities can
be used for both the development process and operation of safe AVs.

This paper is structured as follows. First, the fundamental basics for a route-based scenery analysis based on the
previous work are explained. Subsequently, an overall concept for the identification of capability-based routes is
developed and implemented. Using a real road network as a basis, the developed concept is applied and evaluated.
Finally, the remaining need for research is derived. A detailed description of the related work is intentionally not
provided in this paper, as it can be found in the recently (co-)published papers of this author team [7-9].

FUNDAMENTALS

The dependency between scenery and resulting driving requirements for AVs is already described by Lippert and
Winner [7]. The basis is the externally observable behavior of an AV while driving through a scenery. Based on
this behavior, it can basically be determined how safe or unsafe an AV behaves during operation. This behavior
is significantly influenced by the scenery, which imposes behavioral limits on an AV when combined with the
applicable traffic rules. For example, a stop sign means that an AV must stop at the associated stop line before
driving any further. It does not matter whether or not priority is given to another traffic participant during the stop.
With the help of the BSSD, these behavioral limits are explicitly linked to the scenery and represented in a map.
In this way, route-based behavioral requirements can be derived that result from the behavioral limits of the BSSD.
The behavioral demands serve the present work as a basis for identifying the capability-based routes. Therefore,
the BSSD and subsequently the derivation of route-based behavioral requirements is explained in the following.

Behavior-Sematic Scenery Description [8, 9]

The BSSD represents the legal behavioral limits based on scenery and traffic rules. These so-called behavioral
demands are represented using directional behavior spaces, which usually describe a lane segment and within
which the behavioral demands do not change. A behavior space is always described with four behavioral attributes
that reflect the behavioral demands: Speed (S), Boundary (B), Reservation (R), and Overtake (O). Each of these
attributes has additional properties that concretize the behavioral demands. Speed describes any limitations on
travel speed. Boundary describes limitations when crossing the boundaries of the behavior spaces. Behavioral
demands regarding priority and residence within the behavior spaces is described by the reservation attribute.
Permission or prohibition of overtaking is represented by the attribute overtake.

For illustration, a behavior space is concretely considered using a real scenery. Figure 1 shows an aerial view of
a real scenery in Darmstadt, Germany, in the upper left. The remaining part of the figure is ignored for the
explanation of the behavior space. The behavior spaces are labeled with capital letters. Each behavior space has
exactly one longitudinal (entry) boundary (black dashed line) and two lateral (exit) boundaries (black solid line).
For each behavior space, there is an inverted behavior space that represents the behavioral demands for the
opposite direction of travel (only one direction shown here). The principle of the behavior space is explained using
behavior space K, which represents a right turn at a T-intersection with a stop sign. A speed limit of 30 km/h
applies in this area. This limit is stored in the speed attribute. Before entering the behavior space, the vehicle must
stop due to the stop sign. Therefore, the attribute boundary contains the behavioral demand sfop for the
longitudinal boundary. Laterally, the behavior space should not be left when turning, so the behavioral demands
for the lateral boundaries prohibit crossing. For example, between behavior spaces H and E is a dashed lane
marking, so the behavioral demands for these behavioral boundaries allow passing at this point. Behavior space
K may only be traversed if priority is given to traffic participants approaching from F and C. Therefore, the
attribute reservation shows externally-reserved for the road user types motor vehicle and bicyclist potentially
coming from C and F (these reservation links are not shown here). Overtaking is allowed in the behavior space,
so the attribute overtake is set to the value yes. In the same way, all other behavior spaces are defined. The
concrete, remaining properties of the four behavioral attributes are not further relevant in the context of this work,
which is why they are not discussed in more detail.

Route-Based Behavioral Requirements [7]

Lippert and Winner show how behavioral requirements are derived based on BSSD. For this purpose, they first
define the terms global and local behavioral requirements. Global behavioral requirements apply everywhere
regardless of the scenery and are, for example, requirements regarding collision avoidance (e.g. [10]). Local
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behavioral requirements, on the other hand, have a local scope and are scenery-specific. Thus, they do not apply
everywhere, but only at specific locations within a scenery. The derivation of the behavioral requirements refers
only to the local behavioral requirements, which is why they are simply called behavioral requirements in the
following. According to Lippert and Winner, the complete behavioral requirements result only from a
concatenation of the behavior spaces. Thus, lane-accurate routes are considered that concatenate the behavior
spaces of the BSSD and thus generate a sequence of the different behavioral demands. The concatenation of the
different behavioral demands can lead to new behavioral demands depending on the transition (longitudinal or
lateral). Based on the behavioral spaces concatenated within a route, behavioral requirements are derived for each
behavioral space and the resulting behavioral demands.

Figure 1 shows the resulting behavioral requirements for an example concatenation of behavior spaces. The lane-
accurate route leads from behavior space I to behavior space H. A total of four behavior spaces are traversed, of
which behavior space K represents the right turn considered earlier. The concatenated behavior spaces E; are
numbered sequentially. For each behavior space E;, the associated transition T;_ ;, the behavioral demands D; of
the BSSD, and the behavioral demands D;_, ; resulting from concatenation are shown. For each behavior space,
a speed limit of 30 km/h applies. For the transitions between the behavior spaces, only when entering E5 there is
a condition that the AV must stop before proceeding. As described in the previous example, the AV must
additionally give priority to motor vehicles and cyclists at E53 and must not obstruct them. From the concatenation
it additionally follows, among other things (not shown here), that the traffic participants entitled to priority must
be indicated that priority is actually granted to them. In the other behavior spaces, the AV does not have to grant
priority, which is why the reservation attribute shows own-reserved (own). Overtaking is allowed in any behavior
space (yes). In the lower part of the figure, the resulting behavioral requirements are listed and marked with a
cross according to their validity in each behavior space. This brief example is used to understand the route-based
behavioral requirements as a basis for capability-based routes, and therefore it is not elaborated further.

i=1 i=2 i=3 i=4
longitud. longitud. longitud.
S:30km/h | S:30knmvh [ S:30km/h | S: 30 km/h
R:own B: allowed | B:stop B: allowed
O: yes R: own R:ext. R: own
O: yes O: yes O: yes
- R:indication | -
of giving
priority
SR1: The AV shall not exceed the maximum
. L X X X X
& permissible speed limit.
% | BRI: The AV shall stop at the longitudinal boundary before
. X
£ | proceeding.
2 | RR1: The AV shall not obstruct traffic participants with <
% reservation catitlement for the space.
E RRI1.1: The AV shall indicate in advance by adjusting
the driving speed reasonably that it will give priority X
to traffic participants who have priority.

Figure 1. Example for behavior spaces and corresponding route-based behavioral requirements based on [7].
SR: Speed Requirement; BR: Boundary Requirements; RR: Reservation Requirement.

CONCEPT OF MATCHING REQUIREMENTS AND CAPABILITIES

The main goal of this work is to identify routes that can be accomplished by AVs based on their driving
capabilities. Consequently, the driving requirements of the route must not exceed the driving capabilities of the
vehicles. In order to identify an exceeding of driving capabilities it is necessary that they can be matched with the
driving requirements of the route. This matching determines whether the route can be mastered by an AV or not.
In order to match, the requirements and capabilities must be compatible with each other. This means that for each
driving requirement there must also be a corresponding driving capability. It is important that the driving
capabilities of the AVs can be proven. According to the state of the art, the proof of driving functions is typically
achieved with the help of various tests [11]. Therefore, it is assumed that test certificates exist for driving
capabilities that have been tested and thus proven. If a driving capability has been successfully tested and proven,
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a test certificate exists for this driving capability. Whether the driving capabilities really meet the driving
requirements is determined by the matching process. This process requires matching criteria that determine a
match based on appropriate metrics. The following argumentation results from these considerations:

Let DR; be the set of necessary driving requirements in order to drive in a concatenated behavior space E;.
Furthermore, let U:lnch1 DC,, be the superset of npc € N sets of driving capabilities of an AV that is proven with
a corresponding superset of test certificate sets Ufn":cl TC,, and compatible with DR;. Then an AV shall only be
allowed to drive in E; if at least one set of proven driving capabilities D C,,, matches the set of driving requirements

DR;. A match of DR; and DC,, is determined with a matching process based on matching criteria.
Therefore, for matching to be possible, the following conditions must be met:

=  For each set of driving requirements DR; of a concatenated behavior space E;, there is at least one
compatible set of driving capabilities DC,,.

= The set of driving capabilities D C,, must be provable using tests in order to provide an associated set of
test certificates T'C,, for AVs.

=  There are matching criteria for identifying matches between driving requirements of DR; and driving
capabilities of DC,,.

Consequently, driving requirements and driving capabilities must be defined in a way that allows for matching.
This matching is performed based on matching criteria. Thus, the identification of drivable behavior spaces is
enabled. Specifications for driving requirements and driving capabilities as well as matching criteria are developed
below.

Specification of Driving Requirements

So far, only behavioral requirements have been derived based on the BSSD. These behavioral requirements can
be used for matching with driving capabilities, but there is a problem with the level of abstraction. If only the
behavioral information from the BSSD is used, potentially many driving requirements are identical, even though
significantly different requirements are imposed on the dynamic driving task (DDT) and thus on the driving
capabilities. A simple example of this is the behavioral requirements of the behavioral attribute reservation (cf.
Figure 1). The requirements only demand that priority can be granted to certain types of road users from certain
areas and that the granting of priority is indicated accordingly. These behavioral requirements potentially apply
to many different intersections, since no reference to the geometry of the scenery has been made so far. Geometric
information such as position, dimensions, or orientation of relevant areas would solve this problem. For example,
right-before-left priority intersections with different relative orientations of their intersection arms would be
distinguishable. Based only on the behavioral requirements, they would be the same.

Thus, the goal is to identify necessary geometry-based specifications for the driving requirements that form a basis
for matching with driving capabilities. For this purpose, the relevant scenery properties are divided into
specification categories. The specification category serves as a container for the concrete specifications of
behavior spaces. For the demonstration of the methodical procedure of this work, the specification and subsequent
work steps are performed and described on the basis of the reservation behavioral requirements. The reservation
behavioral requirements are chosen because they have a high complexity compared to other behavioral
requirements. Therefore, they are particularly suitable for demonstrating the procedure. The reservation
behavioral requirements RR1 and RR1.1 (cf. Figure 1) are considered in the following from the DDT perspective
referring to a considered behavior space with these requirements.

Probably the most obvious specification category is the type of traffic participant. This information already exists
explicitly within the behavior space in the BSSD, but must still be included in the specification. Otherwise, it
would not be explicitly specified that a corresponding driving capability must meet this specification. Different
road user types require different capabilities of an AV, as they must not simply be recognized as a dynamic object,
but must necessarily be classified according to the reservation as well. Reservation requirements necessitate this
classification, as it determines which traffic participants are entitled to a reservation.

The speed limit of the traffic participants entitled to reservation is also relevant for the specification of the
requirements. The capability to perceive these traffic participants must be tested and demonstrated based on
different speeds of movement. It may well make a difference whether traffic participants are potentially
approaching at 30 km/h or 50 km/h. In this case, a different behavior is demanded of the complete automation
chain, which must be explicitly demonstrated. For this purpose, it is additionally necessary to include the speed
limit of the AV before entering the behavior space under consideration. Different relative speeds between AV and
the other traffic participants require explicit proof and therefore explicit specification for the same reason.
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The perception of traffic participants entitled to reservation is only successful if they are also sensed in the relevant
areas of the scenery. For this purpose, the direction of origin of the traffic participants entitled to reservation is
explicitly stored in the BSSD. Based on the BSSD map, the absolute positions of the linked areas are thus
available. However, only the direction of origin is indicated by the BSSD and not the entire area of origin
potentially to be monitored. It is necessary for the specification to define the position of these relevant origin
areas. Thereby, the information about the road course from the respective direction of origin should not be lost,
so that potential paths along which reservation-authorized traffic participants move can be represented.

According to the above mentioned requirements an AV shall not travel through the considered behavior space if
any other traffic participant with reservation-entitlement is present. This applies both to traffic participants who
are already in the behavior space under consideration and to traffic participants who want to enter the space. In
addition, if an AV is in the space itself, it must leave the space as soon as possible. Differences in the fulfillment
of these requirements arise from the geometry of the considered behavior space. Different lengths of the behavior
space mean different distances that the AV must travel through. But also different curved shapes of the behavior
space possibly influence the driving behavior of the AV. Therefore, it is necessary that these geometric properties
are part of the requirements specification.

In addition to the geometry of the behavior space under consideration, the geometry of the preceding behavior
space(s) is also relevant. Depending on which curvature is present in the previously concatenated behavior spaces,
for example, the AV will approach the considered behavior space with a different orientation. Depending on the
orientation, the relevant perceptual areas for the relevant traffic participants differ. However, since based on the
requirement specification it is not yet specified how exactly the vehicle aligns in the behavior spaces, the
orientation of the AV cannot be part of the requirement specification. Rather, the orientation of the behavior spaces
must be considered. The design and proof of the specific driving capabilities can thus be unrestricted, so that the
actual orientation of the AV in the behavior space is defined in the development process.

Finally, if the behavior space under consideration is highly curved, as is the case with behavior spaces for turning,
occlusion may occur. Depending on the position of potentially present planted areas, walls or buildings, the area
to be monitored might not be completely visible or only visible at a late stage. If such occlusion is present, the
driving behavior must be adjusted so that the reservation requirements are not violated. For example, depending
on the type of occlusion, it may be necessary for an AV to slowly move into the considered behavior space so that
the relevant areas can be observed. These cases have to be specified explicitly, since an extra proof has to be
provided accordingly.

Overall, the following specification categories result for the reservation requirements RR1 and RR1.1:

= Type of relevant traffic participant

= Speed limit of relevant traffic participant

= Geometry and position of relevant area of origin

= Geometry and position of considered behavior space

= Geometry and position of relevant area of preceding behavior space(s)
= Speed limit of relevant preceding behavior space(s)

= Geometry and position of relevant area of occlusion

Specification of Driving Capabilities

What do the capabilities look like to enable matching? Simple driving capabilities that are tailored exactly to the
driving requirements may be used. In this way, a capability always meets exactly one requirement. The following
generic example illustrates the relationship between driving requirement and driving capability:

= Driving requirement: The AV shall/ shall not perform a certain action under certain conditions.
= Driving capability: The AV is capable of performing/ not performing a certain action under certain
conditions.

The advantage of this very direct matching is that the capabilities fit the requirements in every case. There is no
need for reasoning that assigns different capabilities to single requirements. This leads to the fact that the driving
capabilities can be addressed by different vehicle-specific solutions. However, the proof of the capabilities must
then be vehicle specific. In this way, driving capabilities are defined universally and uniformly without excluding
specific technical solutions or developments. For this reason, this direct assignment appears not only intuitive but
also practicable with regard to a uniform specification of driving capabilities.

The alternative to this approach is to further decompose the driving capabilities. It is possible to break down the
driving requirements to subsets of the DDT. The result is a set of capabilities that contribute to the main capability
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being met at the behavioral level. Various approaches are suitable for decomposing the capabilities. Basically, at
the beginning of the decomposition, the decision has to be made how fine granular to decompose. In order to
remain as abstract and generic as possible, the Sense-Plan-Act paradigm [12] is suitable, since it only provides
for a decomposition of the DDT on three layers. For a more detailed decomposition, which allows a deeper
analysis of the capabilities, the six layers of functional decomposition according to Amersbach and Winner [13,
14] or skill graphs introduced by Reschka et al. [15] are suitable.

However, these approaches have two fundamental drawbacks in terms of matching requirements to capabilities.
First, the complexity of the functional relationships between the individual sub-capabilities increases with each
step of the decomposition. Second, there is a certain arbitrariness in the choice of decomposed sub-capabilities.
Both phenomena lead to the fact that selected capabilities can no longer be assigned to requirements in a simple
way. Another problem is that the choice of partial capabilities often already assumes technical solutions, such as
concrete vehicle setups. This would lead to the need to specify different capabilities for different AVs. However,
the present approach aims to be as solution-neutral as possible and thus independent of a concrete vehicle
specification. This increases the universal applicability of this approach. A solution to these problems is not known
to the authors of this work. Nevertheless, if these problems are mitigated or even eliminated by appropriate
approaches, capability decomposition would be another option for the matching process.

Due to the difficulties pointed out for the decomposition of driving capabilities, the method of driving capabilities
analogous to driving requirements presented before is chosen in the present work. This is done by reformulating
the requirements into capabilities as shown. In order to ensure that the comparison between driving requirements
and driving capabilities contributes to a statement about the drivability of the behavior spaces, matching criteria
must be defined that are as clear as possible. For this purpose, the aforementioned considered reservation
requirements are chosen, which have a high potential for route-specific differences. Thus, the reservation
requirements RR1 and RR1.1 are selected. For these requirements, the analogous reservation capabilities (RCs)
are formulated and the derived specification categories are assigned:

= RCI: The AV is capable of avoiding obstructions of traffic participants with reservation entitlement for
the behavior space.

= RCI.1: The AV is capable of indicating in advance by adjusting the driving speed reasonably that it will
give priority to traffic participants who have priority.

Matching Criteria

For the matching between the driving requirements RR1 and RR1.1 and the driving capabilities RC1 and RC1.1,
each specification category is considered individually. To ensure that the capabilities meet the requirements, the
matching criteria of all specification categories must be met. To illustrate the reasoning, a X-intersection in a
30 km/h speed zone is considered in Figure 2. In Germany, the right-of-way rule "right-before-left" applies at
such intersections. This means that traffic participants coming from the right from the perspective of a vehicle
entering the intersection have priority. Additionally, left-turners must generally give priority to oncoming traffic.
The geometry and position of considered behavior space as well as the geometry and position of relevant area of
occlusion will be neglected in the following. The remaining specification categories are sufficient for an
evaluation of the overall approach in a first implementation, since sufficient variations are to be expected.
Additionally, areas reserved by pedestrians are not considered. The focus of the matching criteria is placed on
areas of origin for motor vehicles, bicyclists and rail vehicles.

The specification categories of the reservation requirements have dependencies that must be considered in the
nomenclature of the matching criteria. The following variables are introduced and partially shown in Figure 2a:

= For each externally-reserved behavior space Ej, there exist ngg; € N areas of origin
Aorigi orange areas).
( Orlg'L'k)k=1,2.---,norig ( g )

=  Each area of origin Agyig; x is associated with a set of traffic participant types P .

* For the set of traffic participant types P;; assigned to an area of origin Aypig ;. there is a maximum
speed limit Vjjy origix (speed limits of road user types within an area rarely differ).

=  The relevant speed limit vy, pre; 0f the AV for approaching the considered behavior space E; is assigned
to the relevant area of preceding behavior space(s) Apre,; (blue area).

Type of traffic participant The matching criterion for the type of traffic participant is based on a nominal
scale. This criterion is satisfied only if a successfully proven set of traffic participant types Pyroof related to the
associated proven area of origin matches the required set of traffic participant types P; . The following matching
criterion results:
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Poroor = Py (Equation 1)

Possible traffic participant types are motor vehicle, pedestrian, bicyclist, and rail vehicle. Therefore, the following
closed set is defined for the road user types: P € {motor vehicle, pedestrian, bicyclist, rail vehicle}.

Speed limit of relevant traffic participant For the speed limit of relevant traffic participant types, the
maximum speed limit within the set of traffic participant types P; j is chosen. The following assumption is made:
If an AV has a successful proof of granting priority to a traffic participant coming from Agyig ; ;. With a speed limit
Vlim,origproof> then it is able to grant priority even with equal or lower speed limits Vjjm orig i,k Of traffic participants.
The following matching criterion results:

1]lim,orig,prov;)f = 1]lim,orig,i,k (Equatlon 2)

Speed limit of relevant preceding behavior space(s) For the speed limit within the relevant area of preceding
behavior space(s) Apre;, the maximum speed limit vy, pre; among these behavior space(s) is chosen
conservatively. The following assumption is made: If an AV has a successful proof of the required capabilities
with a speed limit Vjjm pre proor fOr approaching, then the proof is valid even for equal or lower speed limits
Vlim,pre,i- 1 he following matching criterion results:

vlim,pre,proof = vlim,pre,i (Equatlon 3)

Geometry and position of relevant area of preceding behavior space(s) and relevant area of origin
The matching criteria for the geometries and positions of the different areas are considered together. Basically,
the relevant areas of origin must always be considered relative to the relevant area of preceding behavior space(s).
This is because an AV approaches the considered behavior space within the area of preceding behavior space(s)
and meanwhile already has to execute the DDT to grant priority. Accordingly, the relative positions of the relevant
areas of origins to the AV's approach are crucial. One way of matching successfully proven and required
combinations of the relevant areas is to superimpose the areas based on an equal reference system. Thus, an
overlap of the matched areas can be identified. The same principle of this matching can be applied using a
geometric parameterization of the relevant areas. The advantage here is a simpler and more efficient identification
of the geometries of the areas as well as the matching itself. Therefore, with regard to the application of the
matching criteria, a geometric parameterization of the relevant areas is performed. For this purpose, the following
assumption is made: The relevant road areas can be approximated by rectangles.

Intersections are scenery components that predominantly contribute to externally-reserved behavior spaces. In
urban areas, intersections and junctions are designed so that the associated road arms are straight with sufficient
distance to the intersection. This must be taken into account during the design and construction of roads by
ensuring that all intersection accesses (in the sense of sufficient distance) are identifiable in good time [16, p. 109].
The extensive implementation of this layout principle can be easily confirmed by looking at suitable aerial images,
such as those from Google Earth [17]. Additionally, it is noticeable that the lane or road widths do not change
significantly in the areas around the intersections. Based on these findings, the assumption made is retained.
However, it must be assumed that there are exceptions that are not correctly represented due to this assumption
(cf. Discussion of Results).

With this assumption, the following simplifications result:

=  The alignment of the relevant areas is determined by longitudinal and lateral offsets and a constant angle
relative to each other.

= The geometry of the relevant areas need only be specified by a constant width. The length is no longer
needed, since if the alignment - and thus the course - of the area is known, the length along this course
can be chosen according to the associated speed limits for a proof. The proof thus confirms the driving
capability regardless of the length of the area.
Note 1: In the case of a non-rectilinear course of the areas, the length is relevant because the alignment
changes along the course.
Note 2: This simplification does not apply to the identification of occlusion, since the complete geometry
of the relevant area is required for this process.

Therefore, the relevant areas can be parameterized as shown in Figure 2b. Each area is characterized by a width:

= Width wgig i of relevant area of origin Agrig; k
*  Width wy,; of relevant area of preceding behavior space(s) Apre,;
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Figure 2. Specification for externally-reserved behavior spaces (Aerial image ©2022 Google/AeroWest).

The alignment of the areas is defined using reference points and relative angles. The reference points result from
the geometric analysis of the scenery based on the BSSD map. They mark the end of the areas in the direction of
the intersection. They form the crossing point between the virtual center line of an area and the transition line to
the intersection area. All areas are positioned relative to the reference point of the relevant area of preceding
behavior space(s) (red cross). In this way, all relevant areas are represented relative to the approach area of the
AV. For this purpose, the reference points of these areas (blue cross) are defined using the longitudinal and lateral
offsets lotrion,ik @and lofriat,i  Telative to reference point (red cross) and virtual centerline of Ay ;. The orientation
of the areas is defined by a relative angle @y ;i describing the angle between the virtual centerlines of Ap; and
Aorig,ik- With the help of this parameterization, a matching is made possible, for which the matching criteria are
defined below.

Basically, all parameters are matched. Only if all required parameters are within the tested parameter spaces
(index: proof), the capabilities are considered sufficient. The following assumptions are made:

= Widths of the areas: If the AV has a successful proof for a certain width, then this proof is also valid for
smaller widths. This assumption results from the consideration that a smaller area to be observed or
driven on within the proven range is equally covered as a subset.

= Offsets and relative angles between the areas: 1f the AV has a successful proof for a range of values of
these parameters, then this proof is valid for all values within this range. Also in this case, the different
parameters within the range of values are a subset of the proven values.

The following matching criteria result:

= Width of Appe
Wpre,proof = Wpre,i (Equation 4)
= Width Oonrig,i,k:
Worig,proof = Worig,i,k (Equation 5)
= Longitudinal and lateral offset between Apr; and Agrig,ik:
lofﬂ..on,proof,min < loffLon,i,k < loffLon,proof,max (Equaﬁon 6)
lofﬂ.,at,proof,min = loffLat,i,k < lofﬂ.,at,proof,max (Equatlon 7)
= Relative angle between Appe; and Agrigik:

arel,proof,min < QArelik =< arel,proof,max (Equaﬁon 8)
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CAPABILITY-BASED ROUTING

In this section, the elaborated matching concept is used to identify capability-based routes. Capability-based routes
are routes with driving requirements that do not exceed the driving capabilities of the AVs. Thus, the driving
requirements of the scenery potentially lead to routes that deviate from conventionally planned routes. Therefore,
a novel route search must be developed that takes into account this new criterion of capability-exceeding of AVs.
Conventional route planners do not accomplish this so far, but are still suitable as a basis for this approach.

Concept of Capability-Based Route Search

A route planner searches for routes based on selected optimization criteria [ 18]. Conventional optimization criteria
are the shortest or even the fastest route. For this purpose, the road network is typically divided into edges and
nodes. Nodes are equivalent to intersections or junctions and represent the connection points of edges. Edges
represent the individual road segments that are connected via the nodes. For the planning of routes within traffic
networks, however, this division between nodes and edges is not always appropriate. In order to consider concrete
turns or lane changes and thus lane-accurate paths within the network, this division is reversed. In so-called edge
based routing, finer granular road sections (e.g. lane sections) become nodes and pairs of adjacent road sections
become edges [19, p. 127]. In this way, lane-accurate route planning is enabled. Depending on the selected
criterion, the edges of the road network are weighted with different costs based on a cost function. From a starting
node to a destination node, there are different paths depending on the network size, alternating nodes and edges.
As a result, the combination of edges with the lowest total cost represents the optimal route with respect to the
selected criterion.

The BSSD road network does not necessarily consist of a graph that is suitable for routing. For the capability-
based route search, a preprocessing is necessary to transform the BSSD road network into a graph. In this process,
the lateral and longitudinal connections of the individual behavior spaces are explicitly represented as edges and
the behavior spaces themselves as nodes. In this conversion process, the explicit BSSD information is lost.
However, this loss of information is intentional, since the road network should be reduced to the minimum
necessary information for efficient route search. With the help of a cost function the explicit BSSD information
is transferred into the edge weighting. The result is a routing graph that enables explicit routing based on the
weighted edges without exceeding the driving capabilities of AVs. For the identification of capability-based
routes, a conventional route search algorithm is needed in addition to the weighted routing graph. This searches
for the route with the lowest total costs within the weighted routing graph based on a starting point and a
destination point. Since the route search algorithm is state of the art, the focus in this section is on the generation
of the weighted routing graph. This is crucial for route identification since it defines the routing cost. The route
search algorithm simply sums up the costs based on the routing graph and selects the edge combination with the
minimum costs. The following modules are developed to create the routing graph:

= Capability-Based Cost module: Calculates the edge weights of the routing graph based on the matching
results (further described in the following).

= Matching module: Matches driving requirements with existing driving capabilities based on the defined
matching criteria (not further described in the following).

= Requirement Generation module: Generates the driving requirements of the concatenated behavior
spaces based on the defined specification (not further described in the following).

The principle of finding an optimal route from origin to destination also applies to capability-based route search.
A new optimization criterion is needed for the intended function of identifying routes that are feasible for AVs.
This does not mean that the conventional criteria must be discarded. Even if a new criterion is used based on the
new search function, the determined route should still be optimal with respect to conventional vehicle navigation.
Accordingly, the route found should be the shortest or fastest possible despite further optimization criteria, for
example. The basis of the new route planning should therefore be based on conventional route planning, so that
these criteria and cost functions can be adopted. For the new criterion, however, a different or adapted cost
function is required to weight the edges. In principle, there are two extreme forms of edge weighting. A weight
can become minimal in the optimal case, i.e., theoretically assume a value of zero. The other extreme is an
infinitely high weight assigned to edges that are maximally far from an optimum based on the evaluation of the
cost function. Depending on the cost function, all other values are conceivable within these extremes. Negative
costs are not allowed. From the previous findings, it is clear that the new cost function must be based on the
previously presented matching of driving requirements and driving capabilities. Since the matching is performed
for concatenated behavior spaces, it is suitable for edge based routing. The matching can either fail - driving
capabilities are exceeded - or succeed - driving capabilities are not exceeded. Therefore, a cost function must be
defined for the transitions between concatenated behavior spaces, following the matching concept.
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The cost function to be defined must produce only two values. In the case of exceeding, the cost must be maximum
so that the behavior space under consideration is excluded from the planning. In the case of a successful match,
the cost must be minimal. In order to identify a successful match, the matching criteria of the specification
categories of driving requirements and driving capabilities are applied. Thus, the matching cost function cya¢ch i
for a concatenated behavior space E; is defined as a function based on the set of driving requirements DR; and all

available, certified sets of driving capabilities U2S, DC,, as follows:

Cmateh,i = f(DR;, U<, DCyp) (Equation 9)

m=1
The matching cost function has the following range of values according to the considerations:

0 for not exceeding the driving capabilities

Cmatchi = {00 for exceeding the driving capabilities (Equation 10)

To avoid that the matching cost function Cpa¢ch; interferes with the conventional cost function ceopny; in an
undesired way, the cost functions have to be separated unambiguously. This means for the total cost function

Cot,i*

* As long as driving capabilities are not exceeded, the total cost function cyo; is determined by the
conventional cost function Ceopy ;-
*  Once exceeding is identified, the total cost function cyo; is determined by the matching cost function

Cmatch,i-

Using the binary range of values of the matching cost function ¢ a¢ch i, these requirements can be realized via a
simple addition of the cost functions. This results in the following total cost function ¢y, ; for E;:

Ctoti = Cconv,i T Cmatch,i (Equation 11)

Since the routing graph is generated and weighted in a preprocessing as described above, it is practical to remove
edges with an infinite weight directly in this process. Thus, the route search algorithm does not have to visit these
edges at all resulting in a more efficient calculation. This is taken into account in the implementation. For very
large road networks with frequently updated data, an on-the-fly calculation of the edge weights within the
iterations of the routing algorithm would also be suitable. This way, the entire road network would not always
have to be preprocessed. Since the road network considered for the implementation in this work is rather small,
this approach is not pursued further.

Implementation

The described concept of capability-based route planning is implemented based on the high-definition map
framework Lanelet2 [20] for which a BSSD map instantiation was developed by Lippert et al. [9]. Besides
providing a map format, another advantage of this framework is the availability of a comprehensive C++ software
library for handling Lanelet2 map data [21]. The following software modules are used from this library as a basis
for capability-based route planning:

= lanelet? core: Basic module for handling Lanelet2 maps as well as all related primitives like points,
linestrings, or lanelets (= lane sections). Extensive functions for geometric calculations are provided.

= lanelet? io: Module for reading and writing Lanelet2 maps.

= Janelet? traffic_rules: Module for interpreting selected traffic rules in Lanelet2 maps such as passability
or speed limits of lanelets based on country and road user type. This module is used in this work as input
for the generation of a routing graph, since traffic passable lanelets must be known for this purpose.

= Janelet? routing: Module for route search within Lanelet2 maps. This module generates a routing graph
based on conventional optimization criteria such as shortest or fastest path. Within the routing graph the
optimal route is subsequently searched. It is possible to modify and extend the cost function as desired.
To ensure that only passable lanelets are used from the point of view of traffic rules, the
lanelet2_traffic_rules module is included in addition to the cost function to generate the routing graph.
Thus, a basic function is already given, which generates routes that are correct from the traffic point of
view based on the conventional optimization criteria.

For the handling of the BSSD data within the Lanelet2 framework the BSSD data handler is used, which was
developed especially for this purpose. When reading the maps, this handler parses the BSSD data and makes it
available to the software environment according to the generic BSSD structure [9]. In this way, arbitrary queries
regarding all BSSD information are made possible. The capability-based cost, matching and requirement
generation modules are implemented as part of the lanelet? _routing module.
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Application in a Real-World Road Network

For the demonstration of capability-based route search based on a BSSD map, a road network specifically selected
for this purpose is used. The road network covers large parts of Darmstadt's city center and includes both large,
multi-lane roads and small residential streets. In doing so, the network connects specific intersections that were
selected based on their different characteristics in terms of behavioral demands and geometry. These intersections
therefore form the key component of the network for the following application.

Specific sets of reservation capabilities are first defined as the basis for the routing application. These capabilities
are exemplary and serve to demonstrate the approach developed in this work. Since many intersections do not
require priority to be granted when turning right, the capabilities are defined based on parameter values for straight
and left turns. Therefore, when traveling on the road network under consideration, some intersections do not result
in reservation requirements. However, as soon as an intersection is to be crossed straight ahead, it may be
necessary to give priority from the right in 30 km/h speed zones. Therefore, the first capability set DCregery,1 18
designed to grant priority from the right (@relproof,minjmax = 80°/100°). This set is valid for reservation-entitled
road user types motor vehicle and bicyclist and speed limits of 30 km/h. As shown in the considered data, right
is not necessarily equal to right. Thus, D Cyesery 1 is €xtended by a second capability set D Cyegery 2, Which includes
an additional angle range for traffic from the right (&rel proofminjmax = 50°|70°). In order to use the road network
even more efficiently, another capability set D Cesery 3 is defined, which specifically includes granting priority
from the front (@reiproofminjmax = 170°[190°). Compared to the previously defined capability sets, the
longitudinal and lateral offsets differ. This is necessary because the offsets depend on the angular orientation of
the areas. Last, the capability set D Cregery,3 i extended to a new set D Cresery 4 SO that rail vehicles are covered in
addition to motor vehicles and bicyclists. Additionally, the covered speed limits are increased to 50 km/h. The
resulting driving capability sets including the defined specification parameters are summarized in Table 1.

Table 1. Specified reservation capabilities (MV: motor vehicle | B: bicyclist | RV: rail vehicle).

Parameter DCyeserv1 DC\eserv,2 DCpeserv3 DCreserva Unit
Vlim,pre,proof 30 30 30 50 km/h
Wpre,proof 4 4 4 4 m
Pproof {mMV, B} {MV, B} {MV, B} {MV, B,RV} -
vlim,orig.proof 30 30 30 50 km/h
LotfLon,proof,minjmax 3]10 3]10 10| 30 1030 m
LofrLat proof,minjmax 3|10 3|10 -10]0 -10]0 m
Qrel,proof,min|max 80 | 100 50 | 70 170 | 190 170 | 190 °©

Based on the defined driving capabilities, the capability-based route search is applied to the present road network.
In order to demonstrate the functionality of the implemented route search, the start and destination points are
defined with respect to diverse route options. For this purpose, the route planning should have different route
options that require different driving capabilities. The following route requests are performed (driving capability
set m corresponds to D Creserv,m):

=  Route 1: Shortest route without driving capability sets

=  Route 2: Shortest route with driving capability set 1

= Route 3: Shortest route with driving capability set 1 and 2

=  Route 4: Shortest route with driving capability set 1, 2 and 3

= Route 5: Shortest route with driving capability sets 1, 2, 3, and 4

Figure 3 shows the road network with selected start and destination points and the calculated routes. For a clear
representation of the different routes, the road network is shown twice. The presented road network is colored
yellow and the detailed modeled intersections within it are highlighted in magenta. Start and destination points
are shown with corresponding markers. As a reference for the calculated routes, the shortest route based on the
conventional optimization criterion shortest path of the Lanelet2 algorithm is shown in green. The focus will be
on the intersections modeled in detail, so all other (non-magenta) intersections in the road network will be handled
without a capability-based matching. Route sections without the modeled intersections therefore always represent
the shortest path based on the conventional optimization criterion.
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Figure 3. Routing results for the defined driving capability sets.

Route 1: This route is colored red and is partially below the green route as it follows the same course in these
sections. The red route only contains behavior spaces that have no driving requirements in terms of reservation.
Thus, all externally-reserved behavior spaces are excluded in the generated routing graph. The route therefore
only passes through intersections where the AV has priority. At almost all intersections, routing is therefore
straight ahead or to the right. Of particular note is the first intersection in the route where a left turn is made. This
is possible without the appropriate capability sets because protected left turns are provided at this intersection
(green turn arrow at the traffic signal). The last intersection on the route is in a residential area where the right-
before-left rule applies. Nevertheless, it is allowed to cross this intersection because the intersection arm on the
right in the direction of the route is a one-way street. Since the one-way street is for both motor vehicles and
bicyclists and leads away from the intersection, no priority needs to be given.

Route 2: The blue route is based on driving capability set 1, which gives priority to motor vehicle and bicyclists
in 30 km/h speed zones from the right. Therefore, the priority road within this route is exited into a residential
area, as this path is shorter than that described in the red route. When turning right from the priority road, priority
does not need to be granted and priority in the residential area is covered by the capability set. Finally, the
residential area is exited by a right turn at an intersection with traffic signals. From this point on, the blue route
again coincides with the red route.
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Route 3: If the driving capabilities of the blue route are extended by capability set 2, an even shorter route
succeeds. The dotted route colored in cyan avoids a detour at the end of the route by crossing the penultimate
intersection with traffic lights straight ahead. This crossing requires no special capabilities, but a left turn is made
at the intersection after it. However, the associated behavior space requires that priority can be granted from the
right from a previously uncovered angular area. The new capability set 2 gained adds this missing angular range
to the overall driving capabilities.

Route 4: If the previous driving capabilities are extended by set 3, the even shorter black route is found. The new
capability set now allows driving in externally-reserved behavior spaces that require granting priority from the
front. This enables left turns at many intersections. Accordingly, compared to Route 2 or 3, it is now possible for
the AV to make a left turn in a residential area as well as at a major intersection. Despite the intersection being
controlled by a traffic signal, the AV must yield priority from the front because left turns are not protected. Thus,
although this intersection is geometrically similar to the first intersection in the route, different driving capabilities
are required despite the traffic signal.

Route 5: With the driving capabilities available, Route 4 is not far from the shortest route shown in green. In
order for the shortest route to be mastered by the AV, further driving capabilities are lacking. Part of the green
route is on a road with rail traffic. The left turn required with this Start-Destination combination must also cross
rail traffic. This means that in addition to motor vehicles and bicyclists, the AV must also give priority to rail
vehicles from the front. Furthermore, both the associated behavior space and the linked areas of traffic participants
with priority are in a 50 km/h speed zone. Driving capability set 4 covers these new requirements, so that this part
of the network can also be driven on. If the AV possesses all defined capability sets, it is thus able to travel the
shortest route.

Discussion of Results

With the application of the implemented route planning, it is shown that the identified routes are dependent on
driving requirements and driving capabilities. Based on the reservation requirement specifications developed in
this work, the route planning performs a comparison with the driving capabilities defined for the road network at
hand. It is shown that the route planning only calculates routes with driving requirements that do not exceed the
available driving capabilities. The performed variation of the available driving capabilities supports this result.
Nevertheless, the demonstration initially only shows that capability-based routes can be identified based on the
available specifications (for RR1 and RR1.1), but not whether these routes do not exceed the actual available
driving capabilities of a real AV. Besides the omitted specifications for the remaining behavioral requirements,
the following sources of errors and general uncertainties potentially prevent or complicate a real-world application
of the approach.

Map-Based Errors A digital map is necessary for the derived approach. Regardless of map format, it is
possible that the map data is incorrect. The data may contain inaccuracies with regard to geometry. These include
simple offsets as well as shape errors or incorrect angles of individual map elements. Another source of errors is
incorrectly labeled data. This primarily affects the validity of the behavioral demands of the BSSD, resulting in
incorrect driving requirements, for example. In addition, the actuality of the map data is a potential source of
error. A road network is often subject to many changes, such as road works. Changed scenery elements or
temporary changes that are not stored in the map lead to errors of the approach presented here. In the road network
modeled in this work, there are no noticeable geometry or label errors. This was verified using highly accurate
and georeferenced aerial imagery. In addition to the aerial imagery, the accuracy of the labeled information was
partially verified with the help of on-site inspections and publicly available map data. However, especially with
regard to the actuality of the data, errors cannot be completely excluded.

Model-Based Errors The aforementioned sources of error related to the maps used are independent of the
specification approach chosen in this work. However, errors also arise based on the models used. For the purpose
of developing an initial implementation, the simple assumption was made that the areas to be specified (Aqrig,
Apre) are rectangles. However, based on this assumption, errors may occur if the mentioned areas deviate
significantly from a rectangular shape in reality. The routing results presented are based only on intersections
where there is little to no deviation of the rectangle approximation from reality. For a higher accuracy of the
approximation in general, it is possible to assume other shapes as a basis for the specification. However, it should
be noted that the specification of driving requirements is always a trade-off. On the one hand, the real world should
be approximated as closely as possible so that the specification is as close to reality as possible. On the other hand,
the level of abstraction of the driving requirements should be high enough so that common test certificates can be
created for similar behavior spaces. Thus, the closer the specification is to the real world, the more difficult it
becomes to harmonize similar behavior spaces. Furthermore, a detailed modeled world requires many more
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specification parameters than shown in this work. This is another drawback to modeling the real world in too
much detail.

General Uncertainties In addition to the aforementioned sources of error that directly lead to a faulty
specification, there are uncertainties in the overall approach that need to be critically questioned. Uncertainties
refer to circumstances that may cause capability-based route finding to be infeasible in the manner presented in
this work, regardless of implementation. A well-known problem in the field of automated driving is proving
completeness. The approach described here is also affected by this, since it is not possible to identify with certainty
whether potentially important information is lost during a development step. Thus, although the presented
approach is systematically structured, it cannot be spoken of as being complete without further ado. The choice
of specification represents another uncertainty. It has not been conclusively clarified whether the identified
specification parameters are suitable, on the one hand, for mapping the real requirements of the routes and, on the
other hand, for providing proof with test certificates. Finally, the matching criteria are subject to a number of
assumptions. For example, for all specified widths of the different areas, it is assumed that the proof of a certain
width automatically implies the proof of lower widths. It has not been demonstrated that the assumptions apply
to a real-world proof. For this reason, not only the suitability of the specification, but also the suitability of the
matching criteria must be proven for a realization.

OUTLOOK

The present work shows that the identification of capability-based routes is generally possible. This also implies
that they can potentially be used for development, testing, and operation of safe automated vehicles. However,
based on the discussion of the results, the following challenges need to be overcome before this approach may be
used in real-world application.

Map creation and update: A correct map is essential for the realization of capability-based route search.
Particularly important is the fidelity of the geometry, the labeled context knowledge (e.g., types of geometry
elements), and the actuality of the data.

Proof of specification: The suitability of the identified reservation requirement and capability specifications must
be proven (the same applies to yet missing specifications). This will require performing and evaluating tests in
simulations and the real world. The specification is falsified if an AV successfully tested for a particular driving
capability set is unable to drive a route segment with equally specified driving requirements. Based on the results,
it may be necessary to adjust the specifications.

Proof of matching criteria: The suitability of the identified marching criteria must be proven (the same applies to
yet missing criteria). This requires demonstrating that an AV with certified capability sets is actually capable of
driving the route segments identified as non-exceeding. If route sections identified as passable exceed the driving
capabilities of the AV, the matching criteria are falsified and must be revised.

Creation of test certificates: A general challenge becomes the creation and proof of test certificates for capability
sets. The tests must prove that an AV actually possesses the capabilities that are certified using the test certificates.
This challenge is closely coupled with the proof of specification and matching criteria.
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ABSTRACT

Technological advancements have shown the viability of Automated Driving (AD) and have created high
expectations on its benefits — especially in terms of safety. An important step for the introduction of AD on public
roads is providing an acceptable proof of AD’s positive risk balance compared to today’s traffic consisting of
human-driven vehicles. Simulation of scenarios has become an essential tool for such analyses, since field
operative tests have been shown infeasible as only means for such proof. Nonetheless, data is needed from which
to derive human driver behavior as a reference within simulated scenarios. This paper presents an approach for
modeling human driver behavior within defined scenarios to serve as a reference for AD.

As a fundamental step to establish a suitable reference, we outlined the architecture of a parameterizable model
of driver performance within crash-relevant scenarios, in which the driver model switches from a continuous
control to a reactive behavior. The structure is based on well-established concepts like abstraction levels for the
driving tasks, cognitive processes, and steps within information processing.

A decision tree-like structure serves as guidance for the modularization of the driver reaction within different
scenarios, which allows creating modules of decision-making processes as well as implementation of possible
reactions within a scenario.

To show the feasibility of the architecture and modules, and to demonstrate the applicability of the model, we
conducted a driving simulator study of a scenario with a vehicle crossing from the right. Within the scenario, we
varied the configuration of the potential crash (ego striking and borderline case) as well as apply two values of
the available time to react. The study follows a within-subject design with 24 participants. The observed reaction
choice, time and intensity were measured and then used to parameterize the driver model.

Braking was the most frequently observed driver reaction, while potential crash configuration apparently
influences the reaction choice. The observed driver behavior was in line with assumptions based on the state of
art, which were used for the initial architecture and decision making of the developed driver model. Re-simulating
the scenario with the parameterized model led to a similar frequency of crashes as in the simulator study.

The experiment provided evidence that the driver model is built on reasonable assumptions for structuring the
decision-making process and modeling dependencies between situational variables and reaction parameters. Due
to sample characteristics such as age, the gathered parameters cannot serve as a general reference. However, it is
not expected that a more diverse sample will disprove the assumptions for the model architecture.

The theoretical considerations for modeling the decision-making process and its dependency on situational
variables make apparent which complexity lies within modeling driver reactions.

The proposed model for driver performance within crash-relevant scenarios aims to serve as a reference to prove
the positive risk balance of AD. It provides a clear path for the establishment of a general reference model. Yet,
the paper shows that the establishment of a baseline for all relevant scenarios comes with a tremendous effort and
complexity.
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OBJECTIVE

Over the last years, Automated Driving (AD) has been one of the most prominent research topics within the
automotive industry, which was driven by advancements in sensing technology and improved processing power.
Many players — some of which are traditional automotive OEMs integrating AD technology in their products and
some startups or technology companies from other fields — have been showcasing the latest stage of demonstrator
vehicles to be operating well on public roads. Few companies (e.g., Mercedes [1]) have released SAE Level 3
technology (see [2]), which allows automated operation within operating conditions at whose limits the driver is
required to retake control of the vehicle. Other companies have instantiated SAE Level 4 operation, where no
driver is required in defined areas (e.g., [3]). Still, no roll out of higher automation has been achieved at a larger
scale.

One challenge, which automated driving is facing, is verifying the safety of AD technology, such that it is actually
societally acceptable to have automated vehicles on public roads. Part of this challenge lies within the question,
what level of safety should be achieved to be societally acceptable. Some authorities, for instance in Germany [4],
have formulated the need for AD to achieve a positive risk balance compared to human drivers. Companies like
Waymo have formulated a reference for safety in the form of a “Non-Impaired, Eyes ON the conflict” driver [5].

It has been shown, that proving the positive risk balance by means of on-road testing is economically infeasible,
as even with simplifying assumptions a number of billions of km needs to be driven [3], [4]. An alternative
approach for proving the positive risk balance lies within a scenario-based approach, which has for instance been
established by the German PEGASUS Project [7]. A scenario-based approach allows focusing on Verification
and Validation (V&V) activities that are particularly relevant for safety and thus promised an overall reduction in
the testing effort.

Multiple definitions of the term scenario in the scope of automated driving have been proposed. A general
overview of definitions related to scenarios for the validation and verification of automated driving systems (ADS)
has been established in ISO 34501 [8]. It defines a scenario as the sequence of the scenes integrated with the
ADS(s)/subject vehicle(s), and its/their interactions in the process of performing (a) certain Dynamic Driving
Task(s). The exact separation of abstraction layers of scenarios is less relevant for this paper. Within the following,
we will use the term driving scenario, which was established in the scope of prospective effectiveness assessment
in the L3Pilot project [9]: A driving scenario is a short period of driving defined by its main driving task (e.g., car
following, lane change) or triggered by an event (e.g., an obstacle in the lane). This definition can to a large extent
be seen synonymous to the more abstract definition of scenario category in ISO 34501: set of scenarios that
share one or more characteristics. Scenario-based testing activities can consist of a combination of tests in open
fields, controlled field tests and simulation-based testing.

The challenge that comes with a scenario-based approach for verifying safety of automated driving is the need for
representing the human driver as reference within the scenarios tested. Crash data provide a data source of driver
reactions within defined safety-relevant scenarios, yet it needs to be noted that each accident contains only one
driver reaction, which may represent statistical outliers of driver behavior. Moreover, the collection of accident
data represents a tremendous effort to cover all the scenarios relevant for the safety validation of automated
driving. Studies in simulators or controlled fields allow collecting the behavior of drivers within multiple defined
scenarios, but the efforts associated with such studies also appear not to be economically feasible for verifying
the safety of automated driving in completeness. An alternative lies within collecting a limited set of data on driver
behavior and to establish a model of a driver that can be applied within simulation. Such models are referred to
as driver performance models and can be built on scientific findings on driver behavior within safety-relevant
situations and parameterized with data coming from various data sources.

In the following, an approach for modeling scenario-dependent driver performance data based on findings of
reaction patterns within crash-relevant situations will be presented. The model is aimed at providing a modular
framework for possible driver reactions within a driving scenario. The modularization should create ease of use
and motivate reuse of software modules modeling driver behavior. Moreover, the model should allow multiple
reactions within a concrete driving scenario based on probability distributions. The choice of reaction, the reaction
time and the reaction intensity should be modeled in a way to make them dependent on situational parameters of
the driving scenario.

RELATED WORK

The creation of a driver performance model depends on a detailed understanding of how a driver perceives and
processes information and executes the driving task. Though driver behavior is still subject to research and will
continue to be for some time, there are certain findings which can be used as the basis for driver modeling. In the
following, fundamental findings on driver behavior will be presented and then put in the context of driver
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modeling. After that, we will focus on driver behavior modelling within crash-relevant situations, highlight
existing models of driver performance and present relevant applications.

Structuring the driving task

Donges provides a fundamental structure of the driving tasks, which is not only used as reference of driver
behavior but also as reference for the architecture of advanced driver assistant systems (ADAS) or automated
driving systems [10]. Donges divides the driving task into three levels: navigation as the highest level, which
comprises the selection of the correct route in either known or unknown surroundings, guidance as second level
which includes tasks such as choosing the correct lane or executing a turning maneuver, and stabilization as the
lowest level, which encompasses lane keeping or the control of the distance to the lead vehicle.

Another important classification of driver behavior is the classification of goal-oriented actions by
Rasmussen [11]. He defines three categories of behavior: Knowledge-based behavior holds actions on which a
person must actively apply and transfer knowledge from his/her experience to a situation which he/she has not
experienced sufficiently often before. Rule-based behavior is applied in situations that occur often and in which a
person can directly select an action based on rules learned from experience. Skill-based behavior is used for
activities where no conscious control process needs to be applied as the situations or activity are well known to a
person.

Table 1 provides a mapping between the levels of the driving tasks by Donges and Rasmussen based on [11].

Table 1.
Relations between levels of driving task [10] and classification of goal-oriented behavior [12] as given in [11]

Knowledge-based | Rule-based | Skill-based

Navigation X
Guidance X X X
Stabilization X

Driver Modeling

A first use case for driver modelling was the application within traffic flow simulation, where the focus is less on
simulating safety-relevant scenarios as an interaction of a small number of vehicles, but rather simulating entire
traffic networks to investigate network capacities and congestion phenomena. The primary focus for such models
is on modelling the following behavior of drivers. Most prominent models in this field are the Intelligent Driver
Model (IDM) [13] or the driver model by Wiedemann [14], which finds its application in different simulation
tools. While the IDM models driver behavior by means of a differential equation whose parameters can be set to
mimic different driver attitudes, the model by Wiedemann aims at representing driver physiological processes,
which are based on principles of looming and unconsciously keeping a desired headway. Parameters within the
model point directly to interpretable parameters, like desired speed, desired time gap or gap at standstill.

More sophisticated approaches aim at modeling the driver as a complex control flow of a vehicle. Many
approaches consider the three levels of the driving task by Donges [10], which splits driving into the navigation,
the guidance and the stabilization layer. Klimke presents a driver model — also referred to as agent model — which
follows these basic assumptions in its internal structure [15]. The model is intended to realize different tasks of
maneuvers like the adaptation to a new speed limit. For this, a comprehensive architecture is presented, which
covers all levels of the driving tasks and primary driver inputs (steering, throttle, braking), secondary inputs (e.g.,
lighting) as well as communication, and vehicle and system setup. The model was implemented as C++ class and
published on GitHub.

A model aimed at covering the entire driving task is presented by [16], which aims at recreating physiological
aspects of driver information processing. The model uses a stochastic process for modeling the driver’s gaze
behavior and some internal information processing. These may cause the model to perceive relevant information
too late or not at all such that it may create crash-relevant situations or even crashes. This way, the model can be
applied for effectiveness evaluation of automated driving systems, by either creating a baseline of simulated traffic
or creating surrounding traffic for a single or multiple automated vehicles.

Driver behavior in crash-relevant situations

Everyday driving can be modeled as controller behavior (e.g., vehicle following and lane keeping), as for
everyday-driving primarily skill-based or rule-based processes are of relevance. In contrast to everyday driving,
crash-relevant situations are situations which the driver does not experience regularly. The driver needs to quickly
select an action and implement it to avoid the collision with another object or to run off the road. The driver
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models which focus on the driver reaction to avoid a collision in crash-relevant situations are often referred to as
driver performance models. Erbsmehl states, that the primary parameters for modeling the driver response in the
crash-relevant situation are the reaction time and the reaction intensity [25].

When reaction times are analyzed or modeled, it is important to consider how they are defined. A high-level
classification of the relevant elements of the overall reaction time is provided by Green [17]. Green defines the
mental processing time — which in itself consists of sensation, perception, and response selection and
programming —, the movement time, and the device response time [17]. If for instance a driver’s reaction to a
stimulus is observed by means of the deceleration of a vehicle, all mentioned elements of the reaction time will
be executed until a deceleration of the vehicle can be observed. When modeling this deceleration, the device
response time is typically not part of the driver model, but of the vehicle model.

Multiple studies have investigated the relation between reaction time and time-to-collision (TTC). Many of those
show a positive correlation between TTC and reaction time of a driver, e.g., [18], [19] and [20], while [21] state
an increase in reaction time at very small TTC. Apart from reaction time, the reaction choice of the driver model
is particularly of relevance for crash avoidance or mitigation, which is especially relevant at conflicts at
intersections, where evasive steering is a relevant option for the driver. Multiple studies have investigated, whether
drivers execute a same direction swerve (SDS) or an opposite direction swerve (ODS) in crossing conflicts, with
an SDS as pictured in Figure 1. The SDS is in [18] referred to as a swerve into danger: the driver executes an
avoidance maneuver away from the other vehicle but at the same time into the direction in which the other vehicle
is moving. From a consideration of the kinematics of the situation, in some of these situations a collision would
have been avoidable with higher odds by braking and steering in the other direction. Weber et al. analyze whether
driver execute a typical standard reaction within a scenario with another vehicle crossing the driver’s path by
means of driving simulator studies and accident analysis and found that driver’s typically perform an SDS, which
is assumed to be caused by a reflex action [19]. In a further study, they found that the probability of a standard
reaction increases with lower time-to-arrival (TTA) values, which can be seen equivalent to TTC. Moreover, with
lower TTA, less drivers showed a reaction consisting only of braking [18].

Same direction swerve (SDS) Opposite direction swerve (ODS)

Ob Klobi|

Ego Ego

Figure 1. Definition of same direction swerve (SDS) and opposite direction swerve (ODS) based on [20]

Hu et al. also study driver behavior in crossing conflicts finding that an SDS-behavior is present in the scenario.
How likely an SDS reaction is, depends, however, on the parameters of the scenarios [21] [22]. They show that
the priority level (PL) is an important influence on the driver reaction. The PL expresses in a continuous number,
how close one vehicle is to leaving the conflict zone before the other one enters it, as shown in Figure 2. The
chance of an SDS, which Hu et al. consider as an irrational decision, increases with negative PL, while increased
urgency of the reaction also increase the likelihood of an SDS.

PL=-1 PL=0 PL=1

Ego

Obj Obj Obj

Ego Ego

Figure 2. Characteristic values of the priority level (PL) as defined in [21]
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Li et al. analyze different crash-relevant scenarios at intersections, where SDS behavior was also observed in a
left turn across path (LTAP) scenario. Drivers executing a SDS had a significantly lower reaction time compared
to drivers executing ODS [23].

Modelling evasive driving maneuvers

Based on physiological considerations, Lee showed that the control variable for braking is the derivative of the
time-to-collision (%), which drivers keep constant within a braking maneuver [26]. Yilmaz and Warren confirm
the findings by Lee and further study the control process of braking, in which the driver shows a non-continuous
behavior [27]. The brake pedal pressure is kept constant for a certain time until adjusted, based on 7. The 7-theory
by Lee [26] in combination with the finding by Yilmaz and Warren [27] can be used to model driver behavior
within braking situations, as applied by Roesener [28], where the braking application is modeled through a
combination of an initial open-loop reaction continued by closed-loop control behavior.

Jurecki’s and Stanczyk’s [24] model for a straight crossing path scenario is one of the few models for modeling
drivers' steering reactions in crash-relevant intersection scenarios. They model the steering wheel angle as a
function of the lateral distance to the obstacle and the reaction time [18]. Their model is validated by comparing
the modeled steering wheel trajectories with driving data from subject tests on a test track. They state that it is
possible with their steering model to represent different driver behavior patterns using different parameterizations.
However, a subdivision of the drivers into groups depending on their driving style is necessary [24]. A functional
dependency of the parameters to modulate the reaction course does not seem to exist, which is why the use of
predefined group-individual parameters is suggested [25].

A general statement regarding the steering behavior of drivers in crash-relevant maneuvers is given in [29].
According to the analyses, drivers tend to show an open-loop behavior, consisting of several, interrupted bell-
shaped steering angle corrections [29]. The assumption of open-loop steering responses in lane changes on
highways is presented in [28] and confirmed by a comparison with a closed-loop approach as a more accurate
modeling approach.

Driver performance models and their application

Although driver behavior is still to a large extent subject to research, driver performance models have been used
in different types of prospective safety assessments. The P.E.A.R.S. consortium [25] contributed to ISO technical
report [26] which defines a method for prospective safety assessment. Within a prospective assessment, the
baseline scenarios are needed, in which the system under assessment is expected to increase the safety. Baseline
approach A as defined in [26] uses real world baseline scenarios, which may be reconstructed crashes or crash
and near-crash situations from naturalistic driving data, also referred to as cases. In approach A these scenarios
are used directly as baseline, such that the driver reaction is taken from the real case. Approach B modifies real
world cases, which also makes it possible to derive more than one scenario from one real world case. Approach
C generates synthetic scenarios, which are not directly linked to real world cases but uses data from real world
cases or other driving data, such as driver behavior for generating synthetic cases.

While the modified scenarios are close enough to the real world for approach B, such that driver behavior in those
cases is suitable as reference, approach C requires a driver model to produce baseline scenarios to serve as baseline
within the prospective assessment. In [28], Fahrenkrog et al. presents a safety impact assessment study of an ADS
for motorways which utilizes the model presented in [16]. The model uses a stochastic process for modeling the
driver’s gaze behavior, which in addition to some internal information processing, may cause the model to
perceive relevant information too late or not at all such that it may create crash-relevant situations or even crashes.
This way, the model can be applied for effectiveness evaluation of automated driving systems, by either creating
a baseline of simulated traffic and creating surrounding traffic for a single or multiple automated vehicles. Within
traffic scenarios spanning a stretch of motorway containing many vehicles, the model is used to represent the
mechanisms leading to crash relevant situations as well as the driver reactions in crash-relevant situations. In cases
where the ADS avoids a collision, it is still possible that a preceding vehicle collides with a heavily decelerating
ADS.

Erbsmehl and Schebdat apply a simulation approach of driving scenarios with a driver performance model which
uses distributions of reaction times and distributions of reaction intensity [29]. The model is applied in an
assessment of a warning system.

Roesener et al. present a study where a traffic simulation with a driver model that explicitly models causation
mechanisms for crash-relevant situations is combined with simulations of driving scenarios, where a driver
performance model within crash-relevant driving scenarios is used as baseline [30]. The model implements results
from a driving simulator study on the reaction time and reaction intensity to represent reference driver behavior
within the simulated driving scenarios. In [9], the approach applied in [28] was applied for motorway scenarios
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and combined with a re-simulation of relevant real-world cases. For an urban ADS, the approach from [30] was
refined and applied without the simulation of traffic scenarios.

In [31], Roesener builds upon the method established in [30] but uses a more sophisticated driver performance
model to simulate the impact in rear-end and cut-in scenarios. The detailed model is presented in [32] and makes
use of the findings from [33], but models the initial driver reaction as an open loop reaction. The model for evasive
steering was built on the finding from [34] and uses low-level open-loop steering impulses to create the closed
loop behavior.

Bérgman et al. perform a comparison of different driver performance models as references for the safety benefit
of an integral safety systems [35]. One of the investigated models used a simple brake control sub-model with a
constant jerk and the others use a linear relation between to the inverse of the optical time-to-collision, while for
all the maximum deceleration is sampled from the same distribution. Apart from the first model, which uses no
glance behavior model, all models use different models for the driver’s glance behavior. The simulations show
that the choice of model can have a significant effect on the safety benefits simulated.

Waymo present an alternative approach for modelling reaction times by implementing a belief update process in
which the simulated driver initiates a reaction based on perceived violations to his prior belief [5]. This approach
resolves two issues which driver performance models typically have in common. First, the update process takes
into account an evolving traffic situation and thus allow to model the situation-dependence of the reaction time.
Second, the modeling approach allows to define a stimulus in a scenario, even if no distinct event can be specified,
which is only possible in controlled studies and often cannot be applied when using naturalistic data. The model
is applied to rear-end crashes and near-crashes from the SHRP2 where the prior belief is modeled based on the
looming principle (see [36]).

The UN ECE Regulation for the ALKS applies the modeled driver performance of a skilled human driver for
deriving thresholds which situations are preventable or unpreventable [37]. The driving scenarios simulated are a
cut-in, a cut-out with a slower vehicle in front of the vehicle cutting out, and the lead vehicle decelerating. The
driver reaction is identified by means of a risk perception time, a delay in decision and a jerk time until the
maximum deceleration. The regulation identifies clear definitions of the stimulus within the scenario. Simulation
results show which configurations of the driving scenarios can still be considered avoidable.

METHOD

Modelling driver behavior is essential when carrying out a prospective effectiveness assessment of automated
driving technology. When baseline cases are not taken from real world cases, where real driver behavior resulted
in the crash or crash-relevant situation, driver behavior needs to be modeled within a synthetic scenario. While
certain approaches like [16] use holistic models where safety-relevant situations are also caused by the driver
model (e.g., by modeling a driver’s inattentiveness), other approaches use predefined safety-relevant scenarios in
which the opponent induces the crash-relevant situation and the vehicle under test must react to avoid a collision
(e.g., as in [30]).

In the latter approach, driver behavior needs to be modeled specifically within the driving scenarios under
investigation. It thus needs to be ensured, that the model used as reference within the baseline scenarios can
produce a sufficiently realistic reaction to the safety-relevant situation. For this, the actual action of the driver
needs to be implemented, which may consist of an open-loop action such as an initial brake application and a
closed-loop control action, e.g., adjusting brake pressure during the course of the reaction. Apart from modelling
the control action, their dependence on parameters within the driving scenario needs to be modeled (e.g., drivers
may apply a stronger initial reaction in a situation with greater urgency). Moreover, multiple different driver
reactions may be possible within a scenario. The reaction choice of the virtual driver may be modelled
stochastically by choosing different controller implementations, while the probabilities of the different reaction
choices may also depend on situational parameters. It should be noted that both of the approaches for using
synthetic driving scenarios have their strengths and weaknesses. In general, modelling driving behavior remains
a great challenge as the inner workings of a human being during driving are complex and affected by non-driving-
related tasks.

The vastness of driving scenarios which need to be analyzed and possible options for driver reactions within a
driving scenario result in a great overall complexity of aspects to be modeled. It is thus beneficial to instantiate
one central driver model consisting of multiple interconnected modules which can be parameterized individually.
Parameterizations should be easily defined and it should be possible to store and exchange them. This enables and
motivates the reuse of models across multiple driving scenarios. In that way, it needs to be set for an assessment
which modules should be used and how these should be parameterized.
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In this work, we present a parameterizable driver model, whose architecture enables modularization and separate
parameterization of model components, which in consequence eases reuse of model components creating a greater
consistency across individual assessments and explainability of the model in the reporting of the setup, results and
limitations of a prospective effectiveness evaluation. The remainder of this paper follows the following process
steps:

0. Design architecture for a parameterizable driver performance model *
1. Identifications of the application of the model by
a. Selecting a relevant driving scenario
b. Selecting influencing scenario parameters
c. Selecting suitable models for reaction
2. Plan and execute driving simulator study with a defined sample of drivers
3. Evaluate study
a. Check if main design decisions for driver performance model are supported by study *
b. Check if scenario parameters influence driver reaction within scenario
4. Use study as input for parameterization of model
a. Decide for modeling of dependencies between scenario parameters and driver reaction
b. Derive distributions for stochastic driver reaction
Re-simulate scenario of study with parameterized model
Validate results using study data (ideally with test data set)
7. Apply model within prospective safety assessment
(The overall assessment needs to be validated as well)

A

These process steps serve as structure for this paper and explain how the model were to be applied in an
effectiveness assessment. Steps marked with asterisk (*) are only relevant for this paper's scope and need not be
executed in an application of the model: Step 0 presents the model architecture design, which is not a task to be
repeated per application. Step 3.a validates this structure as part of the overall presentation of the model,
supporting the overall design decision enabling reuse of the model. Step 7 encompasses the actual application of
the model, which is out of scope of this paper. This application should follow the guidelines established by the
P.E.A.R.S. consortium (see [26] and [27]), which also gives guidelines for a proper validation of the assessment.
Apart from the steps listed above, this paper presents a discussion of the model, its setup und intended use.

DESIGN OF MODEL

The overall model architecture consists of two main design principles: A three-dimensional modularization of the
driving task and a decision tree realizing the driver’s reaction choice. The three dimensions along which the
driving task is structured are:

1. The different layers of the driving tasks as defined by Donges [10]
2. The classification of target-oriented actions by Rasmussen [12]
3. The information processing chain divided into perception, cognition and action

These three dimensions of the driver reaction within crash relevant scenarios create a Rubik’s Cube-like structure
for the model. However, not all combinations of the categories create meaningful sub-processes. Such that not all
of the elements of the Rubik’s Cube are occupied by a software module which encapsulates physiological or
statistical models recreating the driver behavior within a given driving scenario. The overall structure is presented
in Figure 3. The navigation task typically only consists of knowledge-based processes, in areas where a driver
needs to actively navigate, except for the sensory perception of environmental information, which is considered
as a skill based-perception process. Within safety relevant scenarios, navigation is often not relevant. Only in
special cases, additional workload by the navigation task may affect the driver’s reaction but has not yet been
subject to extensive research. Thus, navigation is only considered for completeness.

Skill-based processes typically do not require complex cognitive processes, such that they are modeled as
sequences of perception and action. Skill-based reactions may be present as both, guidance, or stabilization tasks.
Rule based actions are particularly relevant for the guidance layer as they encompass evasive maneuvers. For
these, perception, cognition, and action are relevant processes, such that they are considered as modules within
the driver model.
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The model is implemented in Python and provides empty modules within its default configuration. The model
uses OSI [38] as input data stream from the simulation environment. The model’s output consists of the pedal
positions and the steering wheel angle. At the time of writing, no harmonized driver model output interface
existed, such that the output interface was implemented to suit the proprietary driver C-Struct of the simulation
tool Virtual Test Drive by Hexagon, which was used as the tool for development and validation of the model. For
an application these empty modules can be replaced by user-defined modules which can be set up as shown in

Figure 4.

def GCk(Settings, Parameters, driver, ego):
"""Container for Guidance-Cognition-knowledge function calls

import sys
import os

generic_duplicate_path \
= os.path.join(Parameters.Parameter_generic_path, \

"Guidance

,"G_Cognition")
sys.path.append(generic_duplicate_path)

R

# Import your functions below:

#

from cognition_stimulus_understanding \
import cognition_stimulus_understanding

[...]

# Processing of perceived environment and checking for call for action

driver = cognition_stimulus_understanding(Parameters,driver,ego)

# Get reaction type:

driver = cognition_decision_making _module(Parameters, driver)

# Get reaction times:
driver = cognition_decision_making_reaction_times(Parameters, driver)
# Get reaction intensities:
driver = cognition_reaction_intensity(Parameters, driver)

[...]

HHEFHH S
return driver

Figure 4. Python skeleton implementation module of driver reaction
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The structure presented above does not yet provide a structure for the possible driver reactions. Thus, additionally
to the structure presented, different options for driver reactions need to be defined. For this, we structure possible
driver reaction types — in the following called RTYPE — by means of a decision tree. The root node of the decision
tree — the high-level RTYPE — considers whether a longitudinal (1xx) or lateral reaction (2xx) is executed or a
combination of both (3xx). For the intervention a distinction is made, whether lateral or longitudinal acceleration
is increased (11x resp. 21x) or decreased (12x resp. 22x), which is considered as mid-level RTYPE

Combined reactions are more complicated since according to [39], no truly parallel reactions exist. For this, we
consider the different combinations of increase or decrease of lateral or longitudinal acceleration (31x — 34x) and
add whether lateral or longitudinal intervention was first initiated (e.g., 31.x-Long for an increase in longitudinal
acceleration, followed by an increase in lateral acceleration). A further distinction can be made on the level of the
low-level RTYPE, which considers which and how driver control units (i.e., accelerator pedal, brake pedal,
steering wheel) were used to influence the vehicle dynamics. The definitions of the high- and mid-level RTYPES
are given in Table 2 and a decision tree leading to these is presented in Figure 5.

Table 2.
Definition of reaction types (RTYPE)

RTYPE Definition

Ixx Reaction influences longitudinal vehicle dynamics (longitudinal reaction)
11x Increase of longitudinal acceleration

12x Decrease of longitudinal acceleration

2xx Reaction influences lateral vehicle dynamics (lateral reaction)

21x Increase of lateral acceleration

22x Decrease of lateral acceleration

3xx Reaction influences longitudinal and lateral vehicle dynamics (combined reaction)
31x-Long Increase of longitudinal acceleration + Increase of lateral acceleration
31x-Lat Increase of lateral acceleration + Increase of longitudinal acceleration
32x-Long Increase of longitudinal acceleration + Decrease of lateral acceleration
32x-Lat Decrease of lateral acceleration + Increase of longitudinal acceleration
33x-Long Decrease of longitudinal acceleration + Increase of lateral acceleration
33x-Lat Increase of lateral acceleration + Decrease of longitudinal acceleration
34x-Long Decrease of longitudinal acceleration + Decrease of lateral acceleration
34x-Lat Decrease of lateral acceleration + Decrease of longitudinal acceleration

4xx No reaction

40x Unchanged vehicle dynamics

The selection of the driver reaction in a single simulation run is based on a probabilistic decision tree, in which
probabilities can be modeled in dependence of situational parameter (see example in Figure 7). The distinction
into typical and not typical reactions refers to the finding by Weber [40].
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Figure 5. Decision tree-like model of the stochastic decision-making process of the driver performance model
APPLICATION OF MODEL

Our aim is to derive a specific driver performance model for crash-relevant urban scenarios. Following the
previously disclosed method, we first select a logical urban scenario and identify its characteristic description
parameters, before implementing reaction algorithms.

Selection of scenario

Road accident statistics from Germany of the year of 2019 show that most of the crashes reported to the police
happen in urban areas. Especially junctions including driveways are crash prone with more than 50 % of these
crashes happening there [41]. Research from the Intersection 2020 project [42] identifies straight crossing paths
(SCP), left turn across path — opposite direction, and left turn across path — lateral direction as most relevant
intersection car-to-car scenarios to focus on the enhancement of road safety at intersections. We chose to focus
on straight crossing paths accidents with an opposing vehicle challenging from the right hand side of the ego
vehicle (see Figure 6).

Relevant scenario parameters

From literature and related studies on driver behavior in crash-relevant scenarios, the time-to-collision and the
projected crash constellation hypothetically influence the driver’s reaction. Therefore we chose the initial time-
to-conflict-point (TTCP) and the initial priority level (PL) as the two variables for our model. The start of the
crash-relevant scenario is defined by the object vehicle becoming visible after being obstructed by a vehicle
(Figure 11). Both values are measured at the time when the object vehicle becomes visible from the view point of
the ego vehicle. The TTCP is calculated by the distance to conflict point (DTCP) and the current velocity of the
ego vehicle. The PL is calculated by the following equations:
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Figure 6. Description of the conflict

Implementation of model reactions

The process of human perception is modelled in a very simplified and ideal way in our driver performance model.
Calculations required on the software side in relation to the perception of the environment are also assigned to the
modules of perception. The perception process (incl. recognition) of the driver performance model consists of the
detection of objects, the verification of the visibility of the objects, the computation of the scenario description
variables TTCP and PL and the verification whether the visible object generates a request for action. To determine
a reference time for the driver reaction, it is necessary on the software side to detect the time of occurrence of a
perceptible crash-relevant situation. For this purpose, in the case of a suddenly appearing object, the earliest
possible time is determined from which a point of the object would be visible to a driver without occlusion. The
perception functions are distributed over the modules SPs, GPs, GPk and GCk (see Figure 3).

The reaction choice is modelled by the decision tree presented in Figure 5. The likelihood of a reaction choice
depends on the scenario parameters TTCP and PL (see Table 7). The decision tree is located in module GCk.

For the reaction times, a dependency on the urgency of the scenario and the reaction type is considered. The
reaction times are modeled by a truncated normal distribution around the mean of the measured reaction times of
a driver population. For reaction times, 0 s or, for second reactions, the reaction time of the first reaction is set as
the lower limit and the normal distribution is truncated accordingly. Reaction times are control unit specific and
stochastically determined when simulating the driver performance model.

Driver responses to the steering wheel and pedals are modeled by reaction models from the literature, which are
then fitted and parameterized to the data from our driving simulator study. For reaction intensity, we formed five
discrete groups of reaction intensities for accelerator pedal actuation, braking, and steering: very low, low,
medium, high, very high. For each reaction intensity, we parameterized the respective models with corresponding
data from the study that are in the respective reaction intensity group. A reaction intensity is then stochastically
determined specifically for the actuator when simulating the driver performance model and depends on the
reaction time. The determination of a reaction intensity and reaction time is located in module GCk.

Regarding the modelling of the brake pedal stroke in crash-relevant situations, the results from [32] show that the
assumption of an open-loop action of the driver provides good results. Based on this, we also model the
longitudinal responses (step on the accelerator pedal or braking) by an open-loop response. The step on a (brake)
pedal is modeled by the first-order transfer response of a system. During the simulation, the pedal position y at
time n+1 is calculated discretely in time, considering the size of the time step dt, the parameters T and K, and the
command variable u according to Equation (4).
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dt dt .
Yn+1 = (1 - ?) “Yn+ K- (7) “Up Equation (4)

For modelling the steering reaction of the drivers, we use an adapted formula based on the steering model of
Jurecki [24]. Due to unsatisfactory results when fitting the model to the measurement data of the driving simulator
study explained later, we extended the calculation formula by one term. This term is equivalent to an open-loop
steering response, which is only time-dependent and not dependent on the lateral distance to the object. This
extension goes along with the results from [43], according to which steering reactions are open-loop reactions.
The adapted calculation formula can be found in Equation (5), where the parameter Ky and the command
variable u are introduced, which can be used to directly parameterize the maximum steering wheel angle (the
reaction strength) during the steering reaction. The first two terms of Equation (5) resemble the discrete-time
transfer behavior of a first-order system. The third term establishes a dependency of the steering wheel angle &g,
on the lateral distance to the object and — by limiting y), -] — influences only the steering angle retraction.

Sune = ((1=5) B 5+ 5 o4 W () ) 5 i
' w, 180 w, w4 retn |y

with Yiae ret = (Vpos,onj — Yposego) + Yorrset Equation (6)

Yiatrer = Max(0, Yige rer) Equation (7)

Yiatrer = Min(0, Yiat,re) Equation (8)

The steering and pedal reactions are implemented in the module SAs.

The parameterization of the driver reaction can be achieved using probabilistic trees in a JSON file as presented
in Figure 7.

"node_on_reaction": {
"required": ["branches", "weights"],
"properties": {
"branches": ["typical_reaction", "untypical_reaction"],

"weights": {
"independent_var": {
"name": "ttcp",

"val": [1.43,2.10]
s
"weights_branch_typical_reaction": [22,24],
"weights_branch_untypical_reaction": [2,0]
¥
s
"node_on_typical_reaction": {
"required": ["branches", "weights"],
"properties”: {
"branches": ["long", "lat"],

"weights": {
"independent_var": {
"name": "ttcp",

"val": [1.43,2.10]
1

"weights_branch_long": [22,22],
"weights_branch_lat": [0,2]
s
}

Figure 7. JSON-Example for parameterization of driver reaction
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SIMULATOR STUDY TO PROVE BASIC ASSUMPTIONS AND FOR PARAMETERIZATION

In the summer of 2020, we conducted a driver simulator study to proof the general assumptions on which the
decision tree-like structure of the driver performance model is built up on and for the parametrization of the model.
In general, the driver simulator study is utilized to answer the following research questions:

RQ1: How do drivers react in a crash-relevant intersection scenario where another vehicle crosses the first-person
path from the right?

From literature research, we learned about reactions drivers show in crash-relevant scenarios. Therefore, we aim
to answer the research question, whether the drivers show hypothetical typical first reactions. In our selected
straight crossing path scenario at an intersection, these hypothetical typical first reactions are braking or a same
direction swerving as steering reaction. In brief, the RQ2 and related hypothesis are:

RQ2: Do human drivers show typical first reactions?

Furthermore, we want to observe whether the scenario description parameters TTCP and PL influence the driver’s
reaction choice. For that, we formulate RQ3 and related hypothesis 2.1 and 2.2 as follows:

RQ3: Does the frequency distribution of the reaction types change when the TTCP or the PL are changed?
Hypothesis 3.1) There is a difference in frequency distributions of response types when the PL is changed.
Hypothesis 3.2) There is a difference in frequency distributions of response types when the TTCP is changed.

The driving simulator study was conducted in a static driving simulator with a 360° screen surrounding the ego
vehicle at fka GmbH / the Institute of Automotive Engineering (ika). We invited 25 volunteers to join our study.
One participant aborted the study after the test drive due to simulator sickness. Therefore, 24 valid data sets were
obtained. Due to the Covid-19 pandemic, the participant pool was limited to employees of ika. Participants did
thus not receive compensation for taking part in the study. The study took about 45 minutes to complete.

Of all 24 participants, three were female and 21 male, with a mean age of 27 years (SD=4.63; range: 20 to 37
years). On average, the participants obtained their driver's license 9.5 years ago and drove 8,290 km in the last
year (SD=6975.46 km). Minimum mileage within the last year was 70 km/year and maximum mileage was 25,000
km/year.

Each participant filled in a data protection and participant information sheet and conducted a familiarization drive
of about 6 minutes prior to the first measured drive to get used to the simulator. For the test drives, the participants
were told to follow a lead vehicle with 50 km/h on a straight urban road, which crosses several intersections with
green phased traffic lights. Each drive persisted for about 3 to 5 minutes until a crash-relevant scenario occurs.
The participants were not briefed about the crash-relevant scenario they experienced in the drives. In each of the
5 separate urban drives, participants experienced one of the described scenarios (repeated-measures design, Figure
8). During the third drive, the participants experienced a scenario in which a challenging vehicle crossed from the
left. This third drive was used to make the crash-relevant scenario more unpredictable to the participants. We
randomized the order of the four relevant scenarios between the participants.

The four scenarios in which a vehicle crosses from the right differ in the values of the two independent variables
TTCP and PL. The first TTCP value is chosen so that it is physically possible to avoid a collision by pure braking.
For this purpose, a reaction time of 1.34 s is assumed for the first scenario, based on the time from the "Cologne
model" [44] and a braking acceleration of -9 m/s? is assumed [44]. This results ina TTCP of 2.11 s. For the second
TTCP condition, the reaction time is halved. In the neutral PL condition, both vehicles would arrive at the same
time at the conflict area and collide with the front edges of the vehicles assuming that both vehicles travel with an
unchanged trajectory. In the negative PL-condition, the ego vehicle would strike the most rearward side area of
the object vehicle with 100 % overlap, which leads to a PL value of -0.71 considering the vehicle dimensions of
both vehicles. Under ideal conditions, assuming that the ego vehicle is driven by the participant with exactly 50
km/h in the middle of the road, the object vehicle would travel 35.2 km/h. This is in the middle of the range of
usual values in SCP crashes according to [42]. The exact starting position and velocity of the object vehicle is
calculated online and adapted to the participant’s vehicle velocity and position so that the independent variable
values are realized. However, due to the method used to trigger the object vehicle (via the Simulation Control
Protocol of Virtual Test Drive), the independent variable values were not exactly met during the study which led
to a mean deviation of -0.011 s of the targeted TTCP condition and +0.05 of the targeted PL condition.
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Figure 8. Scenarios used in the driver simulator study

Table 3.
Scenario parameters

Independent variables Further scenario parameters
Scenario TTCPO PLO theoretical dyocc dXoce,obj

[s] [-] Vobj [km/h] [m] [m]
1 2.11 0 35.2 -16.81 5
2 1.44 0 35.2 -10.29 5
3 2.11 -0.71 35.2 -13.39 5
4 1.44 -0.71 35.2 -7.53 4.5

The inputs on the steering wheel and pedals of each participant were traced and analyzed regarding reaction type,
reaction time and intensity. Additionally, the participants answered a questionnaire after each drive to obtain
subjective data, e.g., about the perceived criticality of the situation.

The following should be noted regarding the RTYPE classification of the study data:

e Actuator reactions that obviously occur after the crash-relevant situations have been thwarted or occur
after the collision are not considered.

e In two cases, the accelerator pedal is depressed before the accelerator pedal is released and the brake
pedal is depressed. This reaction pattern is not provided for in the RTYPE classification. It is classified
here as RTYPE 11x, since in both situations the PL is increased and thus the initial accelerator pedal
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depression has the greater effect than the brake pedal depression. This classification leads to a poor
reproducibility of this same driver response.

e In five cases, it appears that the driver is applying the brake pedal with the left foot as the accelerator
pedal and brake pedal overlap for a short time. This very brief overlap is treated as if the accelerator
pedal is released before the brake pedal is released.

e Inone case, the driver first steers slightly in one direction and shortly afterwards steers more strongly in
the other direction. Here, the steering response of the higher strength is used as the basis for the
classification.

e In one case, the onset of braking and the onset of steering occur "simultaneously." In this case, the
longitudinal reaction is assumed to be the initial reaction since the accelerator pedal was previously
released.

e Intwo cases, the accelerator pedal is depressed during braking. Due to the very similar accelerator pedal
and brake pedal travel, the accelerator pedal was probably inadvertently depressed with the same foot.
The accelerator pedal is ignored for the classification.

RESULTS

The driving simulator study executed was used to confirm some of the assumptions the architecture of the driver
performance model is based on. As following steps, the results were used to parameterize the model for the
scenarios also investigated within the study. The parameterized model was then validated by comparing the
frequency of crashes and impact speed with the outcomes of the study executed.

Driving Simulator Study

Figure 9 shows the frequency of occurrence of reaction types divided by scenario type. Among the scenarios, the
frequency of occurrence of reaction types and the variability of reactions by the participants varies. The
participants most frequently showed a single braking reaction (12x) along all scenarios. Steering to the right
(ODS) only occurred after braking and never occurred as single reaction. Steering to the left (SDS) occurred after
and before braking, after accelerating as well as a single reaction. Accelerating as single reaction occurred two
times in Scenario 4. In Scenarios 1 and 2 (neutral PL), a higher variability in reaction types can be observed than
in Scenarios 3 and 4 (negative PL). In Scenarios 1 and 2 (neutral PL), the participants steered sixteen times to the
left (SDS) and four times to the right (ODS). In Scenarios 3 and 4 (negative PL), the participants steered two times
to the left (SDS) and seven times to the right (ODS). Scenario 4 is the only scenario in which the initial reaction
is always a longitudinal reaction.
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Figure 9. Frequency of occurrence of reaction types in each scenario of the study, colored arrows indicating
the effect of the reactions on the vehicle dynamics (green: increased acceleration, red: decreased acceleration
(typically braking), blue: unchanged longitudinal acceleration)
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Regarding our RQ2 about typical first reactions (braking or SDS steering (to the left)) of drivers, we analyzed the
observed reaction types. From all of the 95 drives in which a reaction was shown, the participants showed a
hypothetical first reaction in 90 of the rides. A Pearson Chi*-Test regarding the incidence of hypothetical typical
(braking: [12x, 33x-Long, 34x-Long], SDS steering [21x, 33x-Lat]) vs. untypical first reactions in each scenario
supports the hypothesis that the drivers show a hypothetical first reaction in all four scenarios (X*(7)=19,174,
p<.001 (Sc.1: n=23); X*(1)=20,167, p<.001 (Sc.2: n=24); X?(1)=16,667, p<.001 (Sc.4: n=24); (Sc.3: n=24) follows
consequently, given that only typical first reactions were observed).

With the help of the frequency distributions of the reaction types per scenario, research question 3 is examined.
The differences between the two PL conditions lie in the variety of reaction types and in the frequency of
occurrence of individual reaction types. For example, pure braking reactions are observed 10 times (27 to 37) less
frequently in total in the neutral PL condition than in the negative PL condition. In addition, seven different
reaction types occur in total in the neutral PL condition, while four different reaction types can be observed in the
negative PL condition. Thus, the results are consistent with hypothesis 3.1. Between the TTCP conditions at the
same PL, there is a clear difference only for the frequency of pure braking reactions between scenario 1 and 2 (11
to 16). Based on the data, only a small influence of the TTCP on the driver's choice of action can be assumed. By
the fact that almost every driver in the post-survey stated to have perceived the different temporal criticality
between the scenarios, this small difference may nevertheless actually be due to the changed criticality. It should
be noted that in the studies of [18] and [20], a discontinuity in the frequency course of braking and steering
responses over a changed TTCP was observed. In Weber's study, braking reactions increased again at highly
crash-relevant events, after the frequency of these had previously decreased with decreasing TTCP [18]. It is
possible that the TTCP values in the present study were chosen in an unfortunate way to investigate the hypothesis,
so that this discontinuity is reflected in the present study. For hypothesis 3.2, further research is needed at this
point.

Parametrization of Driver Performance Model

The study’s results are used to parametrize the previously described generic driver performance model. The
frequency distribution of shown reaction types is used to parametrize the decision tree (see Figure 5) while the
reaction times and reaction intensity are obtained from the traces of the pedal and steering wheel inputs.

In the study, driver behavior was recorded under two different PL and two different TTCP values and their
combinations.

Since the literature review and our study show that drivers tend to change their behavior under different scenario
conditions, this dependence of the probability of a reaction pattern is also reflected in the parameterization of the
decision tree. We considered the influence of the scenario conditions, TTCP and PL, in different ways:

The influence of the priority level is discretized by creating two decision trees (see Figure 12) for different priority
level ranges: one tree for the range of PL [-1, -0.4] and one tree for the range of [-0.4, 0.4]. During simulation, the
appropriate decision tree is selected based on the priority level perceived by the perceptual module. It would also
be possible to overlap ranges. A decision tree is then randomly selected in the overlapping area.

Up to five decisions are made within the decision tree. The probability of a decision is modeled using data from
the driving simulator study. The probability is modeled per priority level at two support points of the TTCP. If the
perception module of our driving performance model perceived a TTCP between the support points, the
probability values at the point of perceived TTCP would be obtained by interpolation.

The assumption that driver behavior can be discretized into groups of similar PLs was not explored in our study.
Rather, this assumption was made due to the lack of other experimental data. Also, the question of whether
interpolation between TTCP support points is a valid procedure was not investigated in our driving simulator
study neither, but would need to be investigated in follow-up studies. Our choice to incorporate the two scenario
parameters differently in the parameterization of the decision tree served to demonstrate the possibilities of
parameterization. However, we cannot claim that the assumptions made are correct.

In our model, the reaction time depends on the selected reaction type and on the TTCP perceived by the perception
module of the driver performance model. This results in a small amount of data available in the study as a basis
for the parameterization of reaction time, depending on the reaction type and TTCP condition. In order not to
reduce the amount of data further, we refrain from distinguishing the PL condition, but without being able to claim
that the PL has no influence on the reaction time.

From the study data, the average reaction time and the standard deviation are determined in order to model a
normal distribution of the reaction time. The normal distribution is modelled as a truncated normal distribution so
that implausible reaction times cannot arise. Implausible reaction times would exist if the reaction time takes on
a negative value or if the reaction time of the second reaction is less than that of the first reaction. If a TTCP value
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between the two experimental conditions were perceived by the driver performance model, both the mean and the
standard deviation would be interpolated. A reaction time is then determined probabilistically.

The conversion time between accelerator pedal release and brake pedal depression is parameterized as 0.2 s for
all applicable reaction types. This means that the accelerator pedal is released 0.2 s before the parameterized brake
reaction.

The reaction itself is modeled using the algorithms presented previously (Equation (4) — Equation (8)). To be able
to model different reaction intensities, up to five reaction intensities per control element intervention are
distinguished.

That is, a distinction is made between whether, for example, the brake pedal is depressed very lightly, lightly,
moderately, strongly, or very strongly. A parameter set is determined for each of these reaction intensity groups.

The parameterization of the reaction intensity is carried out in six steps:

1. aggregation of the study data with respect to identical controller responses (see Table 10)

definition of a characteristic value for the reaction intensity, e.g., maximum pedal position

definition of the limits of the reaction intensity groups (see Table 9)

set up a linear regression model of the reaction intensity over reaction time

determine the probability of occurrence of a reaction intensity group using the linear regression model
fitting the control algorithms with the measured data of a reaction intensity group (see Figure 13 and
Figure 14).

AN S

In the driver performance model, a reaction intensity of the respective control unit is then determined
probabilistically as a function of the reaction time. Depending on the reaction intensity group, the respective
parameter set for the reaction algorithms.

Results from scenario re-simulation with the parameterized model

As a means of validation for how the model works in applications in effectiveness evaluation, the scenarios that
have been simulated in the simulator study have been simulated also with the parameterized model to compare,
whether the driver reaction produced by the model produces similar outcomes as observed in the study. For this,
we compared the frequency of collisions in the simulated scenario from 100 repetitions with the stochastic model
with that from the simulator study. Figure 10 shows that the frequency of collisions is comparable between the
study and the simulated driver response.
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Figure 10. Comparison of the collision occurrence and velocity between the re-simulation and study

For scenarios, in which collisions occurred, we compared the speed at impact of the ego vehicle. For scenarios 3
and 4 (negative priority level) resulting collision speed show comparable distributions. For scenarios 1 and 2
(neutral priority level) distributions of impacts speeds show some deviations, while it needs to be noted, that these
scenarios show an overall larger spread in the outcomes of the driver reaction.

DISCUSSION

The model presented in this paper provides a framework for integrating driver behavior within a toolchain for
effectiveness assessment of automated driving systems. It supplies a container for processes defining the action
decision, the reaction time, and the magnitude of the reaction.

As in principle, the model will follow the complexity of the collection of scenario categories which was used in
the effectiveness assessment. Scenario-based evaluations as such run the risk of the curse of dimensionality. While
evaluation of systems operating on motorways may allow the evaluation of a rather simple framework of driving
scenarios, comprehensive assessments of urban operating domains can result in a wide variety to be tested. It
depends on the assessment approach and overall sample size of scenarios whether each scenario to be simulated
needs to be simulated multiple times to cover different possible driver reactions.

A general advantage within scenario-based testing is the possibility to focus on certain scenarios, i.e., the most
relevant ones, either in terms of overall risk, frequency of occurrence or possible consequences. The driver model
framework presented is intended to focus on the hypothetical typical reaction, thus it may be justified to
parameterize and simulate not all physically possible driver reactions.

An issue lies within the generalizability of driver reactions: In the study presented, 2x2 scenario configurations
were analyzed between participants. The results showed that there was a difference in driver reaction between the
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simulated scenarios. In principle, the parameters obtained for these scenarios could be extrapolated linearly to
cover more possible parameter configurations, but especially in terms of driver reaction, linear extrapolation does
not appear plausible. To parameterize a model, that can cover all parameter combinations of the scenario to be
studied, a large-scale study would need to be executed and statistical methods to be applied to parameterize the
model for the entire value range of the scenario. To apply the model within other scenarios, an analysis is needed
to see which scenario parameters have most influence on the driver reaction, either based on literature or on
dedicated studies of the scenario.

Even though there is the danger of the curse of dimensionality, applying a modular model as presented, would
enable sharing the findings of individual studies to gradually cover the most relevant scenarios, such that over
time, driver modeling of such scenarios consists of less and less black spots and holistic assessment of e.g., level
4 automated driving systems will be feasible.

Similar to driver performance models in general, the proposed model faces the challenge, that for the situations
simulated a stimulus for the reaction needs to be defined (for further elaboration see [5]). This is possible in
experimental conditions, like in the study performed, where the object vehicle was occluded while the ego vehicle
entered the intersection. The object vehicle becoming visible could easily be used as the stimulus for determining
the reaction time. In other situations, this may not be possible. For instance in a rear-end scenario with the leading
vehicle already in deceleration and then applying a sudden stronger deceleration, the brake lights could not be
used as stimulus for the driver response. The model proposed in [5] could provide solution to this challenge and
could be integrated as rule-based perception model on the guidance layer (GPr). While [5] discusses, how the
evolving situation can affect the driver’s reaction choice — which was also one of the core assumptions of our
model, though achieved through simpler metrics referencing a distinct stimulus — it does not yet provide a solution
how the reaction choice may be implemented. As shown in literature (e.g., [22]) as well as is the study presented,
parameters of the situation have an effect on the reaction choice of the driver. The choice of reaction can of course
have great impacts on the outcome of the crash-relevant situation. As long as no model exists, which can
implement both, a reaction time independent of the stimulus as well an influence of situational parameters on the
action decision, it needs to be carefully considered, which aspect may be more relevant to the targeted evaluation.

CONCLUSIONS AND FUTURE WORK

This paper presents an architecture and an application of a generic driver performance model. The model used a
fundamental structuring of the driver reaction by means of the levels of the driving task by Donges [10], the
structuring of goal-oriented activities by Rasmussen [12], and the general information processing chain of a driver.
Using a structure as presented and standardized interfaces as OSI [38] will allow an easy exchange of model
components and an easier documentation of the baseline simulations within a predictive effectiveness assessment,
which would ultimately result in a greater acceptance and comparability of results.

As next steps, the model needs to be parameterized for more driving scenarios, using greater samples to cover the
entire driver population in terms of age, gender or driving experience. The parameterization of different scenarios
can be driven by its intended applications, e.g., by focusing first on scenarios relevant for motorway ADS. The
modularization of the model and the separation of modeling and parameterization would allow an easy reuse of
components and parameter sets established. Moreover, more complex models for perception and cognition could
be integrated depending on the use case. A tradeoff should be considered between a comprehensive modeling of
the actual perception and cognition processes and a more straightforward though simplified approach using
distributions of reaction times.

In principle, the application of the model faces the same pitfalls as scenario-based testing for ADS in general, but
will also profit from its advancements. Research in scenario-based testing tries to identify the most relevant
scenarios for an ADS such that an efficient yet comprehensive evaluation process can be established, for instance
using a scenario framework as presented in [45]. This reduction of the scenario-space will also reduce the effort
for parameterizing the driver performance model. Given that the variety of driver reactions requires the modeling
of stochastic processes, each concrete scenario needs to be simulated multiple times, increasing simulation efforts.
At the same time — once a concrete scenario has been simulated using the model — the results can be reused
multiple times, in contrast to the V&V process of an ADF where each system iteration needs a repetition of
simulations. Furthermore, findings on the typical driver reactions within crash-relevant scenarios (see [40]) may
provide an acceptable reduction in driver reactions to be considered.

Within future work, we will establish a connection between the driver performance model presented and models
that cover normal driving phase. A suitable model for this is the model by Klimke, as it follows a similar
structuring of the driving task [15]. This may allow a comprehensive model that includes traceable crash causation
mechanism which can also be used to induce crash-relevant situations. This way, the model could also be used
within a traffic simulation-based assessment, where the causation of a crash does not need to be scripted within
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the scenario but is a result from the interaction of driver models. This approach would be similar to the approach
in [16] but at the same time allows a more detailed modelling of driver reaction within the crash relevant scenario.
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Figure 11. Annotated screen picture of scenario no. 3 of the study
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Table 4.

Low-level RTYPE classification (1 of 3)

c&z
\
&
ol N
é@' Q)& \)Oé
RTYPE 1xx: longitudinal reaction 1xx
1 . 11x A Ai 11-1 Legend
2 mc‘reas.e 11x B Bd 11-2 A: Accelerator
longitudinal ]
31 acceleration 11x A-B AiBd 11-3 B: Brake pedal
4 11x B-A Bd Ai 11-4 S: Steering
5 decrease 12x B Bi 12-1 i: increase
6] longitduinal  |12x A-B Ad Bi 12-2 d: decrease
7| acceleration  fyay B-A BiAd 123 I left, r: right
8 Ixx A-B AiBi 1x1 Long: longitudinal
g|  undefined 1xx B-A BiAi 1x2 Lat: lateral
longitudinal
10l acceleration Ixx A-B AdBd 1x-3
11 Ixx B-A Bd Ad 1x-4
RTYPE 2xx: lateral reaction 2xX
12 | | 21x S SI 21-1
t
p3[ P EER 1 1x A-S AdSl 212
acceleration
14 21x S-A SI Ad 21-3
15 d | | 22x S Sr 22-1
t
o TS I 0y A-S Ad Sr 222
acceleration
17 22x S-A Sr Ad 22-3
RTYPE 3xx: combined reaction (1 of 3) 3xx
18 31x-Long |A-S AiSl 31-1-Long
19 31x-Long |B-S Bd SI 31-2-Long
20, 31x-Long |A-B-S AiBd Sl 31-3-Long
21 merease 31x-Long |B-A-S Bd AiSl  |31-4-Long
p| lomgitudinal -y, ne [A-sB AiSIBd  |31-5-Long
acceleration + )
| erease lateral  |31x-Long |B-S-A Bd SI Ai 31-6-Long
24 acceleration  |31x-Lat |S-A SLAi 31-1-Lat
25 31x-Lat |[S-B SIBd 31-2-Lat
26 31x-Lat [S-A-B SIAiBd 31-3-Lat
27 31x-Lat |S-B-A SIBd Ai 31-4-Lat
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Table 5.

Low-level RTYPE classification (2 of 3)

z°8&
&
& N
RTYPE 3xx: combined reaction (2 of 3) 3xx

28 32x-Long |A-S AiSr 32-1-Long |Legend
29 32x-Long |B-S Bd Sr 32-2-Long |A: Accelerator
30 32x-Long |A-B-S AiBd Sr 32-3-Long |B: Brake pedal
31 increase 32x-Long |B-A-S Bd AiSr  |32-4-Long |S: Steering
3| lomgitudinal {4y ong |A-SB AiSrBd  |32-5-Long [ii increase

acceleration +
33 decrease lateral 32x-Long |B-S-A Bd Sr Ai 32-6-Long |d: decrease
34 acceleration 32x-Lat |S-A Sr Ai 32-1-Lat  |L left, 1: right
35 32x-Lat |S-B Sr Bd 32-2-Lat  |Long: longitudinal
36 32x-Lat |S-A-B Sr AiBd 32-3-Lat  |Lat: lateral
37 32x-Lat |S-B-A SrBd Ai 32-4-Lat
38 33x-Long |B-S Bi Sl 33-1-Long
39 33x-Long |A-B-S AdBiSI 33-2-Long
40 decrease 33x-Long |B-A-S BiAdSl [33-3-Long
41| lomgitudinal 5 ) ong |B-sA BiSIAd  |33-4-Long

acceleration +
42| increase lateral |33 Lat  |S-B SIBi 33-1-Lat
43 acceleration  133x-Lat |A-S-B Ad SIBi 33-2-Lat
44 33x-Lat [S-A-B SI Ad Bi 33-3-Lat
45 33x-Lat |S-B-A SIBi Ad 33-4-Lat
46 34x-Long |B-S Bi Sr 34-1-Long
47 34x-Long |A-B-S Ad BiSr 34-2-Long
48 decrease 34x-Long |B-A-S BiAdSr [34-3-Long
go| lomgitudinal 4y ong [B-s-A BiSrAd  |34-4-Long

acceleration +
500 decrease lateral |34%-Lat |S-B SrBi 34-1-Lat
511 acceleration 34x-Lat |[A-S-B Ad SrBi 34-2-Lat
52 34x-Lat [S-A-B Sr Ad Bi 34-3-Lat
53 34x-Lat |S-B-A SrBi Ad 34-4-Lat
54 3xx A-B-S AiBi Sl 3x-1-Long
55 3xx B-A-S Bi Ai Sl 3x-2-Long
56 3xx A-S-B AiSIBi 3x-3-Long
57 3xx B-S-A Bi Sl Ai 3x4-Long
sg|  undefined 3., A-BS AdBdSl |3x5-Long
5o ~longitudinal 4. B-A-S BdAdSl |3x6-Long

acceleration +
60| increase lateral 12X B-S-A Bd SIAd  |3x7-Long
61 acceleration  |3%x S-A-B SI AiBi 3x-1-Lat
62 3xx S-B-A SIBi Ai 3x-2-Lat
63 3xx S-A-B SIAdBd  |3x3-Lat
64 3xx S-B-A SIBd Ad  |3x4-Lat
65 3xx A-S-B AdSIBd  |3x-5-Lat
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Table 6.

Low-level RTYPE classification (3 of 3)

ch@
e&z\

<, ‘5&& vss’\

RTYPE 3xx: combined reaction (3 of 3) 3xx
66 3xx A-B-S AiBiSr 3x-1-Long |Legend
67 3xx B-A-S Bi AiSr 3x-2-Long |A: Accelerator
68 3xx A-S-B AiSrBi 3x-3-Long |B: Brake pedal
69 3xx B-S-A BiSr Ai 3x-4-Long [S: Steering
70 undefined 3xx A-B-S AdBdSr |3x5-Long |i:increase
7y| lomgitudinal 4. B-A-S BdAdSr  |3x6-Long |d: decrease

acceleration +
72 decrease lateral 3xx B-S-A Bd SrAd |3x-7-Long |[I: left, r: right
73] acceleration 3xx S-A-B Sr AiBi 3x-1-Lat  |Long: longitudinal
74 3xx S-B-A SrBi Ai 3x-2-Lat  |Lat: lateral
75 3xx S-A-B SrAdBd |3x3-Lat
76 3xx S-B-A SrBd Ad  |3x-4-Lat
77 3xx A-S-B AdSrBd |3x-5-Lat
RTYPE 4xx: no reaction 4xx
78 . 40x n.a. n.a. 40-0
no reaction

79 40x A Ad 40-1
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Table 7.

Parameters and dependencies of model variables RTYPE, RT and RINT

Reaction type (RTYPE) Reaction time (RT) Reaction intensity (RINT)
Dependencies | Scenario dependent (TTCP, | Scenario dependent (TTCP), | Reaction time dependent
PL) reaction type dependent | (RT)
(RTYPE)
Parameter Probability of occurrence of | Control unit specific reaction | Control unit specific and

a RTYPE

time (mean value, standard
deviation)

algorithm
parameters

specific
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Figure 12. Parametrized decision trees for the priority level range of [-0.4,0.4] and [-1,-0.4]
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Table 8.

Parameter values of the RTYPE-specific reaction times

OTTCP | RTYPE Frequency | RT [s]
[s] :chgccu;r; Accelerator pedal Brake pedal Steering wheel

study MW Std. MW Std. MW Std.
1.42 11x 2 0.642 0.153 - - - -
1.43 12x 34 - - 0.826 0.223 - -
1.45 21x 1 - - - - 1.267 0.000
1.42 31x-Long 1 0.633 0.000 - - 0.917 0.000
1.42 33x-Long | 2 - - 0.717 0.047 1.025 0.153
1.43 33x-Lat 3 - - 0.917 0.202 0.850 0.188
1.43 34x-Long | 5 - - 0.757 0.158 1.123 0.119
2.10 12x 30 - - 0.896 0.240 - -
2.11 21x 3 - - - 1.628 0.208
2.10 31x-Long 1 1.433 0.000 - 1.833 0.000
2.09 33x-Long | 2 - - 0.950 0.236 1.967 0.613
2.11 33x-Lat 5 - - 1.437 0.140 1.083 0.216
2.10 34x-Long | 6 - - 0.783 0.211 1.189 0.323

Table 9.
Key values for the subdivision of reactions into reaction intensity groups
Control unit | Operate Operate brake | Steer left Steer right
reaction: accelerator pedal pedal
Key value: Max.  accelerator | Max. brake pedal | Max. steering wheel | Max. steering wheel
position [0-1] position [0-1] angle [°] angle [°]

RINT group From To From To From To From To
1 (very low) 0 0.2 0 0.2 0 24 0 24
2 (low) 0.2 0.4 0.2 0.4 24 48 24 48
3 (medium) 0.4 0.6 0.4 0.6 48 72 48 72
4 (high) 0.6 0.8 0.6 0.8 72 96 72 96
5 (very high) 0.8 1 0.8 1 96 120 96 120
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Table 10.

Aggregated control unit reactions and frequency of occurrence in study data

Control unit Origin of the parameters for the reaction intensity specific algorithms
reaction
Aggregated RTYPEs Frequency of the RINT group in study data
RINT group
2 3 4 5
Operate 11x, 31x-Long, 32x-Long, 31x-Lat, 4 0 0 0 4
accelerator pedal | 32x-Lat
Operate brake | 12x, 33x-Long, 33x-Long, 33x-Lat, 87 1 5 10 70
pedal 34x-Lat
Steer left 21x, 31x-Lat, 33x-Lat, 31x-Long, 33x- 18 7 1 1 5
Long
Steer right 22x, 32x-Lat, 34x-Lat, 32x-Long, 34x- 11 5 2 2 0
Long
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Figure 13. Reaction intensity specific parameters of the pedal control algorithm of the driver performance

model
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Figure 14. Reaction intensity specific parameters of the steering algorithm of the driver performance model
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"$schema": "http://json-schema.org/draft/2019-09/schema",
"title": "Parameter file",
"required": ["scenario", "RTYP"],
"properties": {
"scenario": {
"description": "C1"
s
"RTYP": {
"12x": {
"comment": "acceleration: long neg, lat none",
"classification": "typical",
"RT": {
"long": {
"independent_var": {
"comment": "'name' needs to be attribute of driver, e.g. 'ttcp' (driver.ttcp)”,
"name": "ttcp",
"val": [1.43,2.10]
B
"mean_val": [0.826,0.896],
"std": [0.223,0.240],
"dist": "normal",
"device": "brake",
"rt_transfer": -0.2

}
})
"RINT": {
"long": {
"independent_var": {
"comment": "'name' needs to be attribute of driver, e.g. 'ttcp' (driver.ttcp)”,
"name": "rt_long",
"val":[0,0.016667,0.033333,0.05,0.066667,0.083333,0.1,0.11667, ...]
1
"branches": ["very_low","low","mid","high","very_high"],
"weights_very_low": [0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,...],
"weights_low": [0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,,...],
"weights_mid": [e,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0.,...],
"weights_high": [0,0,0,0,0,0,9.9285e-05,9.9374e-05,9.9453e-05,0.00019902,0.00029872, ...],
"weights_very_high": [1,1,1,1,1,1,0.9999,0.9999,0.9999,0.9998,0.9997,0.9996,0.9994,...]

}
¥
"inputs": {
"comment": "low level RTYP",
"long": {
"low": {
"comment": "Accelerator lift and low intensity brake apply",
A" {
"comment”: "define input here",
"accelerator_open_loop_target": 0,
"accelerator_open_loop_gain": 1,
"accelerator_open_loop_timeconstant”: 0.1
¥
"B": {
"comment”: "define input here",
"brake_pedal_open_loop_target": 0.37,
"brake_pedal_open_loop_duration": 10,
"brake_pedal_open_loop_gain": 1,
"brake_pedal_open_loop_timeconstant”: .09,
"tau_control”: "False"

}
1
"mid": {
"comment": "Accelerator lift and medium intensity brake apply",

},...

})

}
}
¥
Figure 15. Exemplary implementation of decision tree in model based on study results
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ABSTRACT

The UK government are committed to bringing forward legislation to allow the safe and secure deployment of self-
driving vehicles, as set out in the recent policy paper Connected & Automated Mobility 2025: Realising the benefits
of self-driving vehicles in the UK. As part of the Connected and Automated Vehicles Process for Assuring Safety
and Security (CAVPASS) programme, TRL was commissioned to propose approaches to vehicle classification, and
suitable technical requirements for aspects not related to the Automated Driving System (ADS). These included
crashworthiness, occupant protection, protection of Vulnerable Road Users (VRUs), and the lighting, braking and
steering systems.

The initial focus of this work was on Low-Speed Automated Vehicles (LSAVs). The work involved selection and
adaptation of existing pre- and post-deployment regulation to enable it to be applied to LSAVs. A main part was the
adaptation of the technical regulations for M- and N-category vehicles, laid down in Great Britain’s Road Vehicles
(Approval) Regulations 2020 (SI 2020 No. 818), which implements retained Regulation (EU) 2018/858.

The study proposed the introduction of two new vehicle categories (for LSAVs with and without occupants,
respectively) to allow approval of designs not compatible with the M- and N-category definitions, such as passenger
shuttles with six seats and space for standing passengers, or goods vehicles without any seats. Of 132 technical
items collated from the existing body of regulations, 65 were found to be generally applicable for LSAVs with
occupants, and 53 for LSAVs without occupants. Technical clarifications for regulations were developed relating to
references to the driver or driver’s seat, controls, warnings and tell-tales and relating to bi-directional vehicles in
general. The study further found that a general permission to carry standing passengers in light vehicles could
present unreasonable risks to occupants in braking manoeuvres or collisions, but that it could be safe in some
Operational Design Domains (ODDs). A concept was proposed which offers manufacturers a choice between two
Crashworthiness Approval Levels (CALs). The less demanding CAL allows standing passengers but restricts the
subsequent ODD of the vehicles. VRU impact protection was a high priority due to the expected operation in areas
with a high density of pedestrians and cyclists. However, LSAV aspects such as their typically flat-fronted shape
cause issues for the application of the current regulation, so modifications were proposed.

Low-speed vehicles are not in widespread use today, which means no directly relevant real-world collision data was
available to base safety decisions on. The guiding principle applied in this study was to provide ‘at least equivalent
safety’, i.e. to offer safety levels relating to non-ADS aspects, which, based on the limited data available and expert
judgement, are comparable to or better than those of current vehicles used in similar scenarios.

This study proposes a novel approach to link approval regulations to the vehicle’s ODD and a set of technical
requirements for non-ADS-related aspects of passenger- and goods-carrying LSAVs, which could help enable the
approval of new vehicle concepts. The proposals have been presented to the United Kingdom Department for
Transport for consideration.
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INTRODUCTION

The United Kingdom (UK) government are committed to bringing forward legislation to allow the safe and secure
deployment of self-driving vehicles, as set out in the recent policy paper Connected & Automated Mobility 2025:
Realising the benefits of self-driving vehicles in the UK [1]. As part of the Connected and Automated Vehicles
Process for Assuring Safety and Security (CAVPASS'") programme, TRL was commissioned to propose approaches
to vehicle classification and suitable technical requirements for aspects not related to the Automated Driving System
(ADS). These included crashworthiness, occupant protection, protection of Vulnerable Road Users (VRUs), and the
lighting, braking and steering systems. The focus of the work presented was on Low-Speed Automated Vehicles
(LSAVs), i.e. fully electric vehicles with a maximum speed not greater than 20 miles per hour (approx. 32
kilometres per hour) to be used in mixed traffic on roads with a speed limit not higher than 30 miles per hour
(approx. 48 kilometres per hour). This initial focus on low-speed vehicles was selected because they have been
suggested as a potential early use case for self-driving technology by industry and, while not in widespread
use today, there is an emerging class of speed-limited automated vehicles being developed. Table 1 provides
additional details of the use cases and vehicle designs in scope. Further, it should be noted that LSAVs can be
bi-directional, i.e. capable of travelling forwards and backwards at close to their maximum speed.

Table 1.
Scope of use cases and vehicle designs considered
Characteristic Scope
Body shape To include novel vehicle designs which do not conform with legacy design
conventions such as windscreens, long bonnets, driver controls, etc.
Purpose Carriage of goods or passengers (seated, standing or mixed)
Powertrain Fully electric
Maximum speed 20 mph
Maximum mass 5,000 kg for passenger-carrying vehicles
(gross vehicle weight) 3,500 kg for goods vehicles
Operating environment Roads with a speed limit up to 30 mph with mixed traffic (including VRUs), or
Dedicated roadways (which may or may not have segregation barriers)
Areas which may include high density of pedestrians
Operating on a fixed route or within a fixed geographical area

This paper presents the work performed to develop a suitable set of pre-deployment regulations for LSAVs, drawing
from the existing body of UN and EU type-approval regulations. Note that further work was performed to adapt
post-deployment regulations, i.e. construction and use regulations, which is not reported in this paper.

METHODS

Vehicle Classification

Technical requirements for type-approval are organised by vehicle category. Which category a vehicle belongs to is
determined by certain key design aspects, such as vehicle mass, number of seating positions, or primary purpose
(passenger or goods transport). A market review identified the design characteristics of vehicles, either already on
the market or announced by manufacturers, which would fall within the scope of the study. These designs and
plausible iterations of them were compared with existing vehicle category definitions to identify if and how the
vehicles would integrate with the current system: Great Britain’s type-approval categories for passenger vehicles (M
category) and goods vehicles (N category) are laid down in Retained Regulation (EU) 2018/858 [2]. Relevant
aspects are contained in Article 3 (Definitions), Article 4 (Vehicle categories) and Annex I (General definitions,
criteria for vehicle categorisation, types of vehicle and types of bodywork). Potentially relevant sub-categories,
based on the LSAV mass-limited scope, are M; (passenger cars), M, (minibuses) and N; (vans). Note that L-
category definitions, laid down in Retained Regulation (EU) 168/2013 [3], were also considered but deemed
unsuitable due to the limited number of occupants and low maximum mass allowed under L-category definitions.

! https://www.gov.uk/guidance/connected-and-automated-vehicles-process-for-assuring-safety-and-security-cavpass
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Developing a Suitable Set of Technical Requirements for LSAVs

In order to identify the most suitable basis for LSAV legislation, technical items in existing Great Britain and EU
approval schemes were collated. It was found that the requirements for unlimited series approvals of M/N-category
vehicles under Retained Regulation (EU) 2018/858 [2] were the most appropriate basis because they provided the
most comprehensive list of items as a starting point. In addition, items contained in Regulation (EU) 2019/2144 [4]
were added to the base list to arrive at a complete set of technical items for consideration, even though it should be
noted that, at the time of writing, a requirement for compulsory fitment of those items has not been incorporated
into Great Britain type-approval. Separate risk analysis identified four additional items relevant for LSAVs, which
were added to the list: software updates, maximum vehicle speed limitation, manual operation at very low speeds,
and static vehicle stability. An overview of the approach is presented in Figure 1.

Regulation (EU) 2018/858:
Annex II: Regulatory acts for approval —
unlimited series

- e

Regulation (EU) 2018/858 plus
Approach items introduced by the GSR
for passenger & goods LSAVs -

Collate technical

: : Identify additional
requirements in

risks

Analyse current Outline new

technical requirements te(;hmcal

and eliminate and/or requirements
modify as appropriate Annex II: M, vehicles Regulatory acts (and
L derogations) for approval — EU small series

Table (of similar format to one
for EU small series) for LSAVs
containing regulatory acts,
applicability and specific
requirements (i.e. derogations
/ modifications)

LSAV (non-ADS) Regulation

Figure 1. Overview approach for developing a suitable set of technical requirements for LSAVs.

In a first step, this list was reduced to items relevant for LSAVs, i.e. low-speed vehicles without a driver. Proposals
for technical requirements and test procedures were then developed, as far as possible by selection of suitable
existing regulations. The guiding principle when deciding what technical regulations to apply was to provide ‘at
least equivalent safety’, i.e. offering levels of protection comparable to those of current vehicles used in similar
scenarios, while ensuring that requirements were proportionate to the low-speed use case and were not over-
burdensome for smaller manufacturers. For most items, various technical regulations existed to choose from,
including those for light or heavy M/N-category vehicles or those for L-category vehicles. In a second step, new
outline regulations were developed for the items ‘manual operation at very low speeds’ and ‘static vehicle stability’
because none could be identified in the existing body of regulations. For both steps, key safety and security areas
that affected multiple technical items were considered collectively in order to develop a coherent and well-balanced
approach for these requirements. These areas were: occupant restraint and crashworthiness, vulnerable road user
protection, vehicle stability, and protection against unauthorised use and security. This paper presents only the
results of the first two, more complex areas.

In a last step, the regulations selected for application were analysed for incompatibilities with LSAVs and
appropriate modifications of the text or procedures were developed. Incompatibilities were identified using a
keyword search to highlight aspects that presume the presence of a driver or a vehicle that has one main driving
direction. The keywords included: ocular, front, rear, driver, passenger, seat, push, press, pull, button, control, mass,
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actuate, activate, switch, foremost, R-point, H-point, direction, forward, rearward, behind, fore, and aft. This search
was backed up by a full manual analysis of the regulations which highlighted additional incompatibilities, e.g. with
regard to applying the pedestrian impact test procedure to flat-fronted LSAV designs.

RESULTS

Vehicle Classification

Many envisaged LSAV designs have no conventional vehicle equivalents on-road, for example passenger shuttles
with six seating positions and space for standing passengers, or goods vehicles without any seating positions.
Barriers to classifying these vehicles in the existing system were identified within each relevant sub-category
definition (M;, M, and N;). The most common barrier consisted of references to a driver’s seating position, which is
generally not present in LSAVs. Other barriers, relevant for certain LSAV designs, included:

e Standing passengers: The M, vehicle category definition excludes standing passengers. To permit standing
passengers, an LSAV would need to be classified as an M, category vehicle. Whether a vehicle is classified
as an M; or M, category is dependent on how many seating positions it offers: up to 9 seats: M, category;
10 or more seats: M, category. To carry standing passengers, vehicles therefore need at least 10 seating
positions in the existing classification system.

e Low-speed vehicles: The definition of a motor vehicle with respect to M and N categories includes a
prerequisite that the vehicle has a maximum design speed of more than 25 kilometres per hour (ca. 15.5
miles per hour). Thus, LSAVs with a maximum speed of 15.5 miles per hour or less would fall outside the
scope of the categories.

Consequently, to accommodate LSAVs, the existing categories need to be amended or the classification system
extended. Following careful consideration, it was recommended that new categories should be introduced because
modifications of existing M and N categories could have too far-reaching impacts. New categories will also open a
route to assign more suitable technical requirements specific to LSAVs, because some technical requirements
associated with current M and N categories do not apply well, e.g. crashworthiness requirements are for more severe
collisions than are likely to be experienced by an LSAV.

The most dominant factor determining how many and which technical requirements are needed was found to be the
presence of occupants, because a substantial number of requirements are related to occupant protection. This aspect
was deemed important enough to warrant the introduction of two separate LSAV categories: Passenger LSAV (for
vehicles with occupant positions) and Goods LSAV (vehicles without occupant positions). Category definitions
were proposed as detailed in Table 2.

Table 2.
Proposed definitions for new vehicle categories including a top-level definition of LSAV applicable for both
Top-level ‘LSAV’ means any power-driven vehicle that is designed and constructed to be moved by its
definition own means and to be driven, in normal operation, only by an automated driving system without

a driver, that has at least four wheels, is complete, completed or incomplete, has a maximum
design speed of at least 10 mph but not more than 20 mph.

Vehicle category | ‘Passenger LSAV’ means an LSAV intended ‘Goods LSAV’ means an LSAV intended to be
definitions to be used on public roads, with at least one used on public roads, without occupant
occupant position (seated and/or standing), positions, and having a maximum mass not
and having a maximum mass not exceeding exceeding 3,500 kg.
5,000 kg.

Selection of Technical Regulations for Applicable Items

The full list of 132 regulatory items collated for consideration is provided in Appendix A. The table details the
items’ proposed applicability for Passenger and Goods LSAVs, respectively. Out of the total 132 items considered,
65 were proposed to be applied for type-approval of Passenger LSAVs and 54 for Goods LSAVs. The dominant
reasons found to exclude items in the applicability analysis were that they: were specific to heavier vehicles,
vehicles with capability to tow trailers or vehicles propelled by a combustion engine or hydrogen drivetrain; were
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intended to support a driver (e.g. mirrors, windscreen wipers) or to protect vehicle occupants (and thus not relevant
for Goods LSAVs); or because they were related to the dynamic-driving task and therefore not within the scope of
this study.

The technical regulations recommended for application following the ‘at least equivalent safety’ principle are
detailed in the same table. These are mostly UN and EU regulations for M- and N-category vehicles. For Item 115,
maximum vehicle speed limitation, an L-category regulation was proposed to be used as the available M/N category
regulations were deemed unsuitable: Maximum vehicle speed is not a relevant categorisation criterion in the M/N-
category framework and is therefore not regulated or routinely tested for type-approval. Tests according to UN R68”
may be performed at the request of the manufacturer or, in some cases, the technical service, but commonly the
maximum vehicle speed is declared by the manufacturer in the Information Document without an approval test. UN
R68 is a technically robust regulation to determine the achievable maximum speed, but it does not contain technical
stipulations as to how a reliable and tamper-proof speed limitation shall be achieved. UN R89 applies to top-speed
limiters for heavy vehicles (M,, M3, N,, N3). It does not contain specific provisions for electric vehicles and the
tolerances permitted in the regulation are too wide for low-speed vehicles.

For certain aspects identified as additional risks for LSAVs, no suitable regulatory text was available in the existing
body of regulations to draw from. For these items, new regulatory proposals were developed:

e Item 58: Pedestrian protection
e Item 116: Manual operation at very low speeds

e Item 117: Static vehicle stability

Modification of Technical Regulations for Self-driving Vehicles

Where existing UN or EU regulations were recommended for application, in many cases modifications were
required to make them suitable for LSAVs: Some parts of regulations could be waived or alleviated due to the
specific use cases (low-speed, goods vehicles without occupants); other parts needed to be modified because of
novel vehicle shapes or the absence of a driver, driver’s seat and conventional vehicle controls. Common themes
identified that caused incompatibility of regulatory text with self-driving vehicles included:

e References to:
o driver’s seating position
o driver controls (steering wheel, pedals, buttons, adjustment controls, etc.)
o instrument panel

o actions performed by the driver (e.g. full application of brake control, setting/unsetting of
protective devices)

o driver side/passenger side
o front/rear, forward-/rear-facing (conflict with bi-directional vehicles)

e Information presented to the driver (tell-tales, indicator or warning lights, acoustic or haptic warnings);
system reaction to failures not defined

e Reliance on muscular energy (e.g. braking)
e No consideration of bi-directional vehicles
e Occupant protection for goods vehicles (without occupants)

e Feasibility of type-approval tests in absence of driver controls

? Shorthand for UN Regulation No 68, applied equivalently for other UN Regulations
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Modifications to the existing regulatory texts were proposed to detail the application of each regulation for LSAVs.
An example overview of the outcomes of the analysis and the proposed modifications to the regulation for braking
systems is presented in Table 3.

Table 3.
Analysis and modification of technical regulations for LSAVs, example results for Item 9B, braking

UN Regulation No 13-H.01, consolidated to Supplement 1

Content summary: Applicability for self-driving vehicles:
Requirements relating to the characteristics and e Passenger: Applicable
performance of braking system for passenger cars and e Goods: Applicable

light goods vehicles to ensure safe design and
minimum performance levels

Applicability and suitability of technical requirements/test procedures:

e  Aspects related to driver controls and tell-tales not applicable for self-driving vehicles

e  Functional safety and complex electronics — required, but propose to allow combined assessment of
systems (e.g. steering / braking) for self-driving vehicles because of interdependencies

e  ‘Full-stroke actuation’ and ‘full application’ of brake controls, which is referred to throughout the
regulation, not possible in the absence of controls and requires clarification

e Alternative energy sources required to replace muscular operation

e  Pneumatic braking systems not covered in regulation

Requirements to cover additional risks/considerations for self-driving vehicles:
e  For LSAVs equipped with compressed air braking systems: UN Regulation No 13, Paragraph 5.1.3.,
Annex 6, Annex 7 and Annex 10

Definitions, modifications, exemptions and additions:

e  The safety of complex electronic systems with regard to braking, Paragraph 5.1.3. and Annex 8, shall not
be assessed as part of the brake systems approval but instead as part of an overall assessment of the ADS.

e  All muscular generated performances in conventional vehicles (e.g. secondary brake) shall be replaced by
alternative energy sources.

e  Paragraph 5.2.2.8. (two completely independent energy reserves) shall continue to apply even though the
service brake system is not ‘controlled by the driver’ as stipulated in the regulation.

e In the event of any failure or defect that would result in a red warning signal according to the regulatory
requirements an electronic signal shall be sent to the ADS.

e References to ‘full-stroke actuation’ and ‘full application’ of brake controls shall be interpreted as
‘automatically commanded maximum braking demand’ by the ADS; references to ‘release’ of the brake
controls shall be interpreted as ‘applying no automatically commanded braking demand’.

e  Vehicles equipped with compressed-air braking systems shall fulfil, in addition to the requirements of UN
Regulation No 13-H as modified above, the requirements for compressed-air braking systems set out in UN
Regulation No 13 (11 series of amendments), Paragraph 5.1.3., Annex 6, Annex 7 and Annex 10.

Where equivalent aspects requiring modification were identified in multiple regulations, the authors found that these
were best addressed in a single place in a uniform way. Item 0O, cross-cutting prescriptions, was created to capture
modifications intended to apply to all regulations concerned. The elements proposed to cover within this item
include:

e  Driver controls:

o A driver’s seating position or driver controls shall not be required and thus requirements relating
to the fitment of driver controls, their geometric positioning (e.g. achieve braking action from the
driving seat) or their labelling, and requirements governing maximum permitted control
application forces are not applicable.
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o References to activation or operation of a system or device by the driver, driver’s demands (e.g.
driver’s braking demand) and driver’s intention shall be interpreted as activation or operation by
the ADS, ADS’s demands and ADS’s intention. The moment when a control begins to be actuated
shall be interpreted as the moment when the automatically commanded signal (e.g. brake or
steering demand signal) is issued.

o Vehicles shall be so designed to allow the technical service to perform the required type-approval
tests in the absence of conventional driver controls, for example by allowing temporary manual
control for the technical service or by offering an automated test mode performed by the ADS
which is fully representative of the performance characteristics in normal mode. In production
vehicles intended for road use, these test modes or functions shall not be available.

e Requirements relating to information presented to the driver or other vehicle occupants, e.g. in the form of
tell-tales, indicator or warning lights or acoustic warnings, shall not apply, unless stated otherwise in the
context of specific regulations. Instead, relevant information on failures, defects or emergency situations
shall, as appropriate to control the situation, be acted upon appropriately by the vehicle (e.g. initiate
minimum risk manoeuvre) or made available to a remote control-centre. Other information, e.g. about the
activation status of lights or on-board systems, may be made available to a remote control-centre (optional)
or not be provided.

e ‘Driver side’ of a vehicle shall be understood as the right side with respect to the direction of travel;
‘passenger side’ shall be understood as the left side with respect to the direction of travel.

e Bi-directional vehicles, defined as vehicles that can travel in either direction, forwards or backwards, at a
speed of 80 percent or more of the vehicles maximum speed, shall meet the applicable requirements in both
driving directions unless stated otherwise in the context of specific regulations. Where the requirements
represent different levels of safety, the more stringent requirements shall apply. Tests shall therefore also
be performed in both directions or, at the discretion of the technical service, in the direction determined to
represent the worst case.

Operational Design Domain-based Occupant Restraint and Crashworthiness Requirements

The level of occupant protection and crashworthiness appropriate for a Passenger LSAV will change depending on
its Operational Design Domains (ODD) — an aspect that is not catered for in the current type-approval system for
M- and N-category vehicles where a single set of requirements applies to allow unrestricted (ODD-independent)
operation.

A main factor determining appropriate requirements is the risk of injury from collisions which could cause large
accelerations and/or occupant compartment intrusion. The ADS is responsible for primary safety for collision
avoidance, but the action of other road users may still result in collisions which require mitigation through
secondary safety measures. Thus, on the assumption that the vehicle drives well (e.g. in a manner which adheres to
the traffic rules, avoids being the cause of a collision), the main types of collisions were anticipated to be ‘not at
fault’ ones, i.e. other vehicles colliding into the LSAV. The typical collisions envisaged on which to base protection
needs are a vehicle (most likely a car) travelling at 30 miles per hour impacting the side, front or rear of the LSAV.

The injury risk will be low in ODDs where the collision risk and/or consequence is reduced. Examples include
separated lanes, where the collision risk will be reduced compared to open roads because less traffic is encountered,
and 20 miles per hour zones or business/university campuses where the collision consequences will be reduced
because of the low traffic speed. Conversely, in ODDs such as roads with 30 miles per hour speed limits on which
mixed traffic is present, the injury risk will be much higher because the presence of many other vehicles increases
the collision risk and because they are likely to be travelling faster at 30 miles per hour or potentially above, which
also increases the collision consequences. Different levels of protection will be required for these different operating
environments.

When considering whether or not standing or unrestrained passengers should be permitted in passenger LSAVs, the
presence of VRUs in the ODD should be taken into account: VRUSs’ trajectories are more difficult to predict than
motor vehicles’ and their presence is thus expected to result in more automatic emergency braking manoeuvres by
the LSAV which could cause occupants to fall and/or be thrown forward. Standing/unrestrained passengers could be
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permitted only in environments with low/no prevalence of VRUs or a very low speed restriction could be imposed
on vehicles with such passengers in areas with VRUs.

Table 4.
Proposed occupant restraint and crashworthiness requirements for LSAV approval to CAL Reduced and
CAL Standard
CAL Reduced CAL Standard
Basis Category M,, Class A requirements for | Category M, requirements for all operating environments,
operating environments with a low risk | including those with a higher risk of collision and/or higher
of collision and/or low consequences consequences
Occupant | e Standees: e Standees:
restraint o Permitted o Not permitted
o Requirements include e Seated:
handrails/handholds as per UN o Side-facing seats not permitted
R107 o Front and rear impact: Requirements include 3-
e Seated: point safety belts and head restraints for all seating
o Side-facing seats permitted positions (including rear-facing seats). Fit impact
o Requirements include guard or friendly interior for parts likely to be hit by
at least 2-point safety belt for passengers; relevant regulations: UN R14, UN R16,
exposed seats only UN R17 and UN R21
o Side impact: Require side impact protection, e.g.
meet dummy injury assessment reference values in
side impact test; relevant regulations: UN R95
Crash- No requirements e Front impact:
worthiness o Aim: Ensure structural integrity for electrical power
train protection and to limit compartment intrusion
to allow occupant restraint to function correctly
o Test: UN R95 type test at 50 km/h to the front of

the vehicle and impose requirements for electrical
power train safety as per the regulation, and
structural performance through an assessment of
intrusion

Rear impact:

o

Aim: Ensure structural integrity for electrical power
train protection and to limit compartment intrusion
to allow occupant restraint to function correctly
Test: UN R95 type test at 50 km/h to the rear of the
vehicle and impose requirements for electrical
powertrain safety as per the regulation and
structural performance through an assessment of
intrusion as per UN R32

Side impact:

(0]

Aim: Ensure structural integrity for electrical power
train protection together with associated padding /
airbags for occupant protection

Test: UN R95 test with electrical power train and
occupant protection requirements as per the
regulation

With this in mind and based on the principle of achieving a safety level at least equivalent to current non-automated
vehicles, it is proposed to introduce two ODD-based Crashworthiness Approval Levels (CALs) for passenger
LSAVs with outline requirements as detailed in Table 4. It is envisaged that the manufacturer will be able to choose
which CAL to approve the LSAV to, depending upon the intended use. An LSAV approved to CAL Reduced shall
be limited to ODDs where the risk of collision and/or consequences within the domain are appropriately low
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(considering the risk of impacting/being impacted by other vehicles and the risk of emergency braking manoeuvres
endangering standing/unrestrained occupants). An LSAV approved to CAL Standard on the other hand shall be
permitted to operate in all environments within the overall scope of this study, including the aforementioned low-
risk ODDs.

Adapting Requirements for VRU Protection

LSAVs are expected to operate frequently in areas with a high density of VRUs which makes VRU protection a
high priority. Given high exposure to VRUs, the risk of harm is greater when operating in these environments.
Therefore, it is proposed that secondary safety countermeasures are required. The relevant technical areas to
consider were: external projections (to reduce the risk of injury to a person hit by sharp edges and protrusions on the
vehicle body work), VRU protection (to reduce risk of injury from impacts) and frontal protection systems (to
prevent additional injury risk from these structures). The outline requirements proposed for these areas are
summarised in Table 5.

Table 5.
Proposed VRU protection requirements for LSAV approval

Proposed requirements

External Apply requirements of UN R26 with newly added requirements for ADS sensors, which are
projections not currently covered within the regulation. If vehicle features are present that are regulated
only in UN R61, the Technical Service may consider the relevant prescriptions of UN R61 in
their assessment.

An exemption for certain features can be given by the Approval Authority where the special
purpose of a vehicle makes it impossible to fully comply.

In general, the Technical Service should pay specific attention to features likely to cause leg
injuries because pedestrian leg impact testing will not be performed.

Vulnerable road For all vehicles with a maximum speed > 16 km/h, submit documentation to demonstrate that

user protection frontal areas of the vehicle that are likely to be hit by a VRU’s head have safety levels in line
with the principles of UN R127. The documentation will be assessed by the Technical
Service.

Assessed areas should include windscreen / window areas if likely to be hit, i.e. wrap-around
distance of 800 mm to 2500 mm or a height above ground of 2000 mm for vehicles with
close to vertical front shapes. Test areas to be defined using UN R127 procedures or, if not
appropriate, an equivalent type of method.

Safety levels may be demonstrated with headform tests or, for limited areas, with logical
argumentation to the satisfaction of the Technical Service/Approval Authority.

Headform test parameters may be adjusted where appropriate, e.g. impact angle for different
vehicle front shapes, or impact speed to account for a vehicle’s maximum speed being < 40
km/h, the nominal pedestrian impact speed used as the basis for the development of UN
R127.

For child and adult headform tests the Head Injury Criterion (HIC) recorded shall meet the
requirement to not exceed 1000 over all of the test area. Note: This is different to UN R127
requirements, which are < 1000 over 2/3 of test area and < 1700 over remaining area, because
it is anticipated that a reduced impact test speed will make it technically feasible to meet this
requirement in the entire area.

Frontal protection | Fitment of frontal protection systems not permitted.
systems

For VRU protection it should be noted that UN R127 cannot be applied because many LSAVs are anticipated to
have a close to vertical front shape (as opposed to a long bonnet type shape of typical passenger cars) which makes
the current pedestrian safety protocol, including leg impact, very difficult to perform. Additionally, the maximum
LSAV speed is lower than the pedestrian impact represented in the current protocol. Therefore, adapted procedures
focussing on head protection have been proposed.
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Frontal protection systems are defined as a separate structure or structures, such as a bull bar, or a supplementary
bumper which, in addition to the original-equipment bumper, is intended to protect the external surface of the
vehicle from damage in the event of a collision with an object, with the exception of structures having a mass of less
than 0.5 kilograms, intended to protect only the vehicle’s lights. It is not envisaged that frontal protection systems
will be needed in the environments LSAVs are expected to operate in. To avoid an elevated injury risk to VRUs
from these typically stiff structures, no frontal protection systems should be permitted on LSAVs.

DISCUSSION AND LIMITATIONS

This paper proposes to create new vehicle categories for LSAVs because many envisaged designs do not have
current, non-automated equivalents. In the future, dual mode vehicles, i.e. those that can self-drive in specified
ODDs and be operated by a driver in other operating environments, are likely to be built by adapting current
vehicles. Unlike LSAVs, these will likely fit into current vehicle categories well and hence for these vehicles, the
better way forward may be to create automated vehicle sub-categories under existing vehicle categories.

Analysis of the regulatory body for M- and N-category vehicles found that more than half of the existing technical
items were superfluous for LSAVs. The dominant reasons for eliminating items were not related to the low
maximum design speed but to the absence of a driver or occupants in general, so would also hold for other self-
driving vehicles.

Low-speed vehicles are not in widespread use today, which means no directly relevant real-world collision data
were available to base safety decisions on. The guiding principle applied in this study was to provide ‘at least
equivalent safety’, i.e. to offer safety levels relating to non-ADS aspects, which, based on the limited data available
and expert judgement, are comparable or better than those of current vehicles used in similar scenarios. The
technical requirements were mostly based on M;- and Nj-category regulations mainly because of their mass
similarity to LSAVs. Reduced occupant protection requirements (CAL Reduced) were drawn from M,-category
regulations because the vehicles share similar use cases.

The concept of linking crashworthiness and occupant protection requirements at type approval to the future ODD of
a vehicle by offering different CALSs is a novel concept which does not exist in current type-approval frameworks. It
remains to be seen if this concept proves practical in real-world application, i.e. if sufficient low-risk environments
can be identified to warrant the design and production of restricted-use vehicles. If successful, it might allow the
production of more cost-effective and mass-reduced vehicles for low-risk environments, and also enable the
carriage of standing passengers in small vehicles to enable frequent and fast passenger changes. The risk of vehicle
ODDs being expanded post-approval by software updates while the CAL, determined by the mechanical design of
the vehicle, remains unchanged should be considered. This might require mitigation by appropriate post-deployment
or licencing legislation.

The head impact requirements proposed for VRU protection should be regarded as a first step to ensuring secondary
VRU safety for flat-fronted vehicles, which could otherwise not be assessed at all. In the medium to longer term,
these should be updated with an appropriate regulation for a full assessment of VRU impact protection for LSAV's
when lessons learnt from in-use safety monitoring can be taken into consideration.

CONCLUSIONS

This independent study developed proposals for a comprehensive set of technical requirements to allow the safe
deployment of LSAVs with a focus on non-ADS aspects, such as crashworthiness, occupant and VRU protection,
and the lighting, braking and steering systems. The requirements were arranged in relation to two new vehicle
categories with the ability to carry passengers being the main differentiator. For Passenger LSAVs, a novel
approach was proposed to link approval regulations to the vehicle’s ODD, which could help enable the approval of
new vehicle concepts, such as small vehicles with standing passengers. The proposals have been presented to the
UK Department for Transport for consideration.

Seidl 10



ACKNOWLEDGMENTS

The authors wish to acknowledge the UK’s Department for Transport for funding this study. This paper was
prepared by TRL Limited, and the information presented does not necessarily reflect the views of the Department.
REFERENCES

[1] HM Government. (2022). Connected & Automated Mobility 2025: Realising the benefits of self-driving vehicles

in the UK.  Available at: https://assets.publishing.service.gov.uk/government/uploads/system/uploads/
attachment_data/file/1099173/cam-2025-realising-benefits-self-driving-vehicles.pdf

[2] Retained Regulation (EU) 2018/858 of the European Parliament and of the Council of 30 May 2018 on the
approval and market surveillance of motor vehicles and their trailers, and of systems, components and separate
technical units intended for such vehicles. Available at: https://www.legislation.gov.uk/eur/2018/858/contents

[3] Retained Regulation (EU) 168/2013 of the European Parliament and of the Council of 15 January 2013 on the
approval and market surveillance of two- or three-wheel vehicles and quadricycles. Available at:
https://www.legislation.gov.uk/eur/2013/168/contents

[4] Regulation (EU) 2019/2144 of the European Parliament and of the Council of 27 November 2019 on type-
approval requirements for motor vehicles and their trailers, and systems, components and separate technical units
intended for such vehicles, as regards their general safety and the protection of vehicle occupants and vulnerable
road users, as last amended by Commission Delegated Regulation (EU) 2022/1398. Available at: https://eur-
lex.europa.eu/legal-content/EN/TXT/?uri=CELEX %3 A02019R2144-20220905

[5] Commission Delegated Regulation (EU) 2022/2236 of 20 June 2022 amending Annexes I, II, IV and V to
Regulation (EU) 2018/858 of the European Parliament and of the Council as regards the technical requirements for
vehicles produced in unlimited series, vehicles produced in small series, fully automated vehicles produced in small

series and special purpose vehicles, and as regards software update. Available at: https://eur-lex.europa.eu/legal-
content/EN/TXT/?uri=uriserv:OJ.L._.2022.296.01.0001.01.ENG

Seidl 11



APPENDIX A

Table 6.

List of applicable and non-applicable regulatory items for Passenger and Goods LSAVs with proposed
technical regulation for requirements and test procedures; item numbers: left column as per Retained
Regulation (EU) 2018/858, Annex II, Part I [2] and consecutive numbers for additional items; right column
provides corresponding updated item numbers as per Commission Delegated Regulation (EU) 2022/2236 [5]

for reference

Item Subject Regulation Passenger Goods
number LSAV LSAV
0 n/a Cross-cutting prescriptions New regulatory | Applicable Applicable
text
1A Gl, Sound level UN Regulation | Applicable Applicable
B14 No 138
2A G2- | Emissions (Euro 5 and Euro 6) light duty Regulation (EC) | Applicable Applicable
G12, | vehicles/access to information No 715/2007
H1 (light duty
vehicle
emissions)
3A Al4 | Prevention of fire risks (liquid fuel tanks) n/a Not Not
applicable applicable
3B Al12 | Rear underrun protective devices (RUPDs) and UN Regulation Applicable Applicable
their installation; rear underrun protection (RUP) | No 58
4A F1 Space for mounting and fixing rear registration Commission Applicable Applicable
plates Regulation (EU)
1003/2010
5A Cl Steering equipment UN Regulation | Applicable Applicable
No 79
6A F4 Vehicle access and manoeuvrability (steps, Commission Applicable Not
running boards and handholds) Regulation (EU) applicable
130/2012,
Annex II
6B F3 Door latches and door retention components UN Regulation | Applicable Not
No 11 applicable
7A D1 Audible warning devices and signals UN Regulation Applicable Applicable
No 28
S8A B13 | Devices for indirect vision and their installation n/a Not Not
applicable applicable
9A C4 Braking of vehicles and trailers n/a Not Not
applicable applicable
9B C4 Braking of passenger cars UN Regulation Applicable Applicable
No 13-H
10A | D2 Electromagnetic compatibility UN Regulation | Applicable Applicable
No 10
12A | Al Interior fittings UN Regulation | Applicable Not
No 21 applicable
13A | D3 Protection of motor vehicles against UN Regulation | Applicable Applicable
unauthorised use No 18
13B | D3 Protection of motor vehicles against UN Regulation | Applicable Applicable
unauthorised use No 116
14A | A22 | Protection of the driver against the steering n/a Not Not
mechanism in the event of impact applicable applicable
15A | A2 Seats, their anchorages and any head restraints UN Regulation | Applicable Not
No 17 applicable
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Item Subject Regulation Passenger Goods
number LSAV LSAV
15B | A3 Seats of large passenger vehicles n/a Not Not
applicable applicable
16A | F5 External projections UN Regulation | Applicable Applicable
No 26
17A | F2 Vehicle access and manoeuvrability (reverse Commission Applicable Applicable
gear) Regulation (EU)
130/2012,
Annex 111
17B | D5, Speedometer equipment including its installation | n/a Not Not
D6 applicable applicable
18A | F7 Manufacturer's statutory plate and VIN Commission Applicable Applicable
Regulation (EU)
19/2011
19A | A4 Safety-belt anchorages UN Regulation Applicable Not
No 14 applicable
20A | D15 | Installation of lighting and light-signalling UN Regulation | Applicable Applicable
devices on vehicles No 48
21A | D13 | Retro-reflecting devices for power- driven UN Regulation | Applicable Applicable
vehicles and their trailers No 3
22A | D11 | Front and rear position lamps, stop- lamps and UN Regulation | Applicable Applicable
end-outline marker lamps for motor vehicles and | No 7
their trailers
22B | D11 | Daytime running lamps for power- driven UN Regulation | Applicable Applicable
vehicles No 87
22C | D11 | Side-marker lamps for motor vehicles and their UN Regulation | Applicable Applicable
trailers No 91
23A | D11 | Direction indicators for power-driven vehicles UN Regulation | Applicable Applicable
and their trailers No 6
24A | D11 | Ilumination of rear-registration plates of power- | UN Regulation Applicable Applicable
driven vehicles and their trailers No 4
25A | D12 | Power-driven vehicle's sealed-beam headlamps UN Regulation Applicable Applicable
(SB) emitting an European asymmetrical passing | No 31
beam or a driving beam or both
25B | D14 | Filament lamps for use in approved lamp units of | UN Regulation Applicable Applicable
power-driven vehicles and their trailers No 37
25C | D12 | Motor vehicle headlamps equipped with gas- UN Regulation | Applicable Applicable
discharge light sources No 98
25D | D14 | Gas-discharge light sources for use in approved UN Regulation | Applicable Applicable
gas-discharge lamp units of power-driven No 99
vehicles
25E | D12 | Motor vehicle headlamps emitting an UN Regulation | Applicable Applicable
asymmetrical passing beam or a driving beam or | No 112
both and equipped with filament lamps and/or
LED modules
25F | D12 | Adaptive front-lighting systems (AFS) for motor | UN Regulation Applicable Applicable
vehicles No 123
26A | D11 | Power-driven vehicle front fog lamps UN Regulation | Applicable Applicable
No 19
27A | F8 Towing device Commission Applicable Applicable
Regulation (EU)
1005/2010
28A | D11 | Rear fog lamps for power-driven vehicles and UN Regulation | Applicable Applicable
their trailers No 38

Seidl 13




Item Subject Regulation Passenger Goods
number LSAV LSAV
29A | D11 | Reversing lights for power-driven vehicles and UN Regulation | Applicable Applicable
their trailers No 23
30A | D11 | Parking lamps for power-driven vehicles UN Regulation | Applicable Applicable
No 77
31A | A5, Safety-belts, restraint systems, child restraint UN Regulation | Applicable Not
A9 systems and ISOFIX child restraint systems No 16 applicable
32A | B8 Forward field of vision n/a Not Not
applicable applicable
33A | D9 Location and identification of hand controls, tell- | n/a Not Not
tales and indicators applicable applicable
34A | B11 | Windscreen defrosting and demisting systems n/a Not Not
applicable applicable
35A | B12 | Windscreen wiper and washer systems n/a Not Not
applicable applicable
36A | D10 | Heating systems UN Regulation | Applicable Applicable
No 122
37A | F9 Wheel guards Commission Applicable Applicable
Regulation (EU)
1009/2010
38A | A2 Head restraints (headrests), whether or not UN Regulation | Applicable Not
incorporated in vehicle seats No 25 applicable
41A | G2— | Emissions (Euro VI) heavy duty vehicles/access | n/a Not Not
G12, | to information applicable applicable
Hl
42A | A13 | Lateral protection of goods vehicles n/a Not Not
applicable applicable
43A | F10 | Spray suppression systems n/a Not Not
applicable applicable
44A | F11 Masses and dimensions (M1) Commission Applicable Applicable
Regulation (EU)
1230/2012
45A | B10 | Safety glazing materials and their installation on | UN Regulation Applicable Applicable
vehicles No 43
46A | C15 | Installation of tyres UN Regulation | Applicable Applicable
No 142
46B | C10 | Pneumatic tyres for motor vehicles and their UN Regulation | Applicable Applicable
trailers (Class C1) No 30
46C | C10 | Pneumatic tyres for commercial vehicles and UN Regulation | Applicable Applicable
their trailers (Classes C2 and C3) No 54
46D | C10 | Tyre rolling sound emissions, adhesion on wet UN Regulation | Applicable Applicable
surfaces and rolling resistance (Classes C1, C2 No 117
and C3)
46E | Cl1 | Temporary-use spare unit, run-flat tyres/system UN Regulation | Applicable Applicable
No 64
47A | D7 Speed limitation of vehicles n/a Not Not
applicable applicable
48A | F11 Masses and dimensions (non-M1) n/a Not Not
applicable applicable
49A | F6 Commercial vehicles with regard to their n/a Not Not
external projections applicable applicable
50A | F12 | Mechanical coupling components of n/a Not Not
combinations of vehicles applicable applicable

Seidl 14




Item Subject Regulation Passenger Goods
number LSAV LSAV
50B | F12 | Close-coupling device (CCD); fitting of an n/a Not Not
approved type of CCD applicable applicable
51A | F16 | Burning behaviour of materials used in the n/a Not Not
interior construction of certain categories of applicable applicable
motor vehicles
52A | F14 | M2 and M3 vehicles Regulation (EC) UN Regulation Applicable Not
No 107 applicable
52B | F15 Strength of the superstructure of large passenger | n/a Not Not
vehicles applicable applicable
53A | A20 | Protection of occupants in the event of a frontal n/a Not Not
collision applicable applicable
54A | A25 | Protection of occupants in the event of lateral, UN Regulation Applicable Not
frontal or rear collision No 95 applicable
56A | F13 | Vehicles for the carriage of dangerous goods n/a Not Not
applicable applicable
57A | All | Front underrun protective devices (FUPDs) and n/a Not Not
their installation; front underrun protection applicable applicable
(FUP)
58 Bl Pedestrian protection New regulatory | Applicable Applicable
text
59 G13 | Recyclability UN Regulation | Applicable Applicable
No 133
61 G14 | Air-conditioning systems Directive Applicable Applicable
2006/40/EC
62 Al7 | Hydrogen system n/a Not Not
applicable applicable
63 n/a General Safety n/a Not Not
applicable applicable
64 D18 | Gear shift indicators n/a Not Not
applicable applicable
65 C8 Advanced emergency braking system (heavy n/a Not Not
vehicles) applicable applicable
66 C2 Lane departure warning system (heavy vehicles) | n/a Not Not
applicable applicable
67 AlS5 | Specific components for liquefied petroleum n/a Not Not
gases (LPG) and their installation on motor applicable applicable
vehicles
68 D3 Vehicle alarm systems (VAS) UN Regulation | Applicable Applicable
No 97
69 A19 | Electric safety UN Regulation | Applicable Applicable
No 100
70 A16 | Specific components for CNG and their n/a Not Not
installation on motor vehicles applicable applicable
71 A24 | Cab strength n/a Not Not
applicable applicable
72 A28 | eCall system n/a Not Not
applicable applicable
73 A7 Partitioning systems n/a Not Not
applicable applicable
74 A10 | Enhanced child restraint systems n/a Not Not
applicable applicable
75 Al18 | Hydrogen system material qualification n/a Not Not
applicable applicable
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Item Subject Regulation Passenger Goods
number LSAV LSAV

76 A21 | Frontal full-width impact n/a Not Not
applicable applicable

77 A23 | Replacement airbag n/a Not Not
applicable applicable

78 A26 | Pole side impact n/a Not Not
applicable applicable

79 A27 | Rear impact n/a Not Not
applicable applicable

80 B2 Enlarged head impact zone n/a Not Not
applicable applicable

81 B4 Advanced emergency braking for pedestrians n/a Not Not
and cyclists ahead (AEBS PC) applicable applicable

82 B5 Pedestrian and cyclist collision warning (MOIS) | n/a Not Not
applicable applicable

83 B6 Blind spot information system (BSIS) n/a Not Not
applicable applicable

84 B7 Reversing safety n/a Not Not
applicable applicable

85 B9 Heavy duty vehicles direct vision n/a Not Not
applicable applicable

86 C3 Emergency lane keeping n/a Not Not
applicable applicable

87 9 Advanced emergency braking on light duty n/a Not Not
vehicles (AEBS) applicable applicable

88 C12 | Retreaded tyres n/a Not Not
applicable applicable

89 C13, | Tyre pressure monitoring n/a Not Not
Cl4 applicable applicable

90 C16 | Replacement wheels n/a Not Not
applicable applicable
91 D4 Protection of vehicle against cyberattacks UN Regulation Applicable Applicable

No 155

92 D8 Intelligent speed assistance n/a Not Not
applicable applicable

93 D16 | Emergency stop signal n/a Not Not
applicable applicable
94 D17 | Headlamp cleaners UN Regulation Applicable Applicable

No 45

95 El Alcohol interlock installation facilitation n/a Not Not
applicable applicable

96 E2 Driver drowsiness and attention warning n/a Not Not
applicable applicable

97 E3 Advanced driver distraction warning n/a Not Not
applicable applicable

98 E4 Driver availability monitoring system n/a Not Not
applicable applicable

99 E5 Event data recorder n/a Not Not
applicable applicable

100 | E6 Systems to replace driver’s control n/a Not Not
applicable applicable

101 | E7 Systems to provide the vehicle with information | n/a Not Not
on state of vehicle and surrounding area applicable applicable
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Item Subject Regulation Passenger Goods
number LSAV LSAV
102 | E8 Platooning n/a Not Not
applicable applicable
103 | E9 Systems to provide safety information to other n/a Not Not
road users applicable applicable
104 | A6 Safety-belt reminders UN Regulation | Applicable Not
No 16 applicable
105 | A17 | Hydrogen safety n/a Not Not
applicable applicable
106 | B3 Frontal protection system n/a Not Not
applicable applicable
107 | G5 Replacement braking parts n/a Not Not
applicable applicable
108 | C6 Brake Assist n/a Not Not
applicable applicable
109 | C7 Stability control n/a Not Not
applicable applicable
110 | D12 | Cornering lamps UN Regulation | Applicable Applicable
No 119
111 | D13 | Retro-reflective markings (heavy and long n/a Not Not
vehicles) applicable applicable
112 | D14 | LED light sources UN Regulation | Applicable Applicable
No 128
113 | A8 Child restraint anchorages UN Regulation | Applicable Not
No 145 applicable
114 | H2 Software update and software updates UN Regulation | Applicable Applicable
management system No 156
115 | n/a Maximum vehicle speed limitation Commission Applicable Applicable
Delegated
Regulation (EU)
No 3/2014,
Annex XVIII
116 | n/a Manual operation at very low speeds New regulatory | Applicable Applicable
text
117 | n/a Static vehicle stability New regulatory | Applicable Applicable
text
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ABSTRACT

Assuring safe operation remains as one of the main challenges for developing and deploying automated driving
systems (ADS). Real-time safety risk metrics may play important roles in calculating a risk measure of driving
situations. Although a number of safety metrics have been proposed previously, it is difficult to compare different
safety metrics and assess their performance because different behavioral assumptions underly for each. In this paper,
a method to assess the behavior of safety risk metrics by determining the subject vehicle (SV) situational safety
using logged vehicle trajectory data is proposed. Specifically, it is examined whether the SV is in a collision
unavoidable situation at each moment, given the near-future trajectories of all surrounding principal other vehicles
(POVs) recorded in the dataset after this moment. The main benefit of using logged vehicle trajectory data is the
elimination of behavior prediction errors caused by model assumptions and approximations. This establishes a
ground truth for crash outcomes independent of the risk metrics. Using the proposed methodology, the performance
of different real-time safety metrics can be evaluated using simulated and/or real-world vehicle trajectories. The
proposed methodology also has the potential to be applied in scenarios with vulnerable road users (VRU)
interactions. In the case study, three real-time safety metrics are considered: time-to-collision (TTC), the PEGASUS
Criticality Metric (PCM), and the Model Predictive Instantaneous Safety Metric (MPrISM). The results can help
practitioners to better understand the characteristics and applicability of different safety metrics for different
situations. The evaluation results can also help researchers improve and refine existing safety metrics.

INTRODUCTION

The overall idea of real-time safety metrics is to evaluate the situational safety risk based on the predicted future
trajectories of both the subject vehicle (SV) and surrounding principal other vehicles (POVs). Utilizing vehicle state
information (e.g., position, speed, heading, etc.) at or up to the evaluation moment, different behavior assumptions
can be made to infer future trajectories, and these will lead to distinct safety metrics outcomes. An example is
shown in Figure 1, where the blue vehicle represents the SV, and the green vehicle is the POV. The arrows
represent different potential actions that SV and POV might take in the future. If the POV does not sense the SV in
its blind spot and changes lanes in front of the SV, and the SV does not slow down or make an evasive lane change,
then the resulting situation potentially can be dangerous. Alternatively, if the POV remains in its current lane, then
the current moment in time is safe. This example demonstrates that different behavior assumptions can lead to
different safety metrics results.
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“ Subject Vehicle - Principal Other Vehicle
(SV) (POV)

Figure 1. An illustration that different behavior assumptions can lead to different safety metrics results

Over the past few decades, a number of safety metrics were proposed in the literature. One of the most commonly
used safety metrics is Time-to-Collision (TTC) [1]. It assumes both the SV and its leading vehicle will maintain
their current velocities. Based on TTC, Modified Time-to-Collision (MTTC) [2], and Worst Time-to-Collision
(WTTC) [3], etc., were also proposed, attempting to capture different behavior assumptions including the
acceleration and deceleration processes of both SV and POV. Junietz et al. proposed a Criticality Metric [4], which
adopts similar behavior assumptions as in TTC regarding POVs behavior but assumes the SV will take evasive
action to avoid the collision. Based on these assumptions, a model predictive control (MPC) method was applied to
examine whether the current situation is at risk for the SV. Since it has been developed as part of the PEGASUS
project, it is abbreviated here as PCM (PEGASUS Ceriticality Metric). The Model Predictive Instantaneous Safety
Metric (MPrISM) was proposed in [5]. It also applies the MPC-based approach to generate a high-dimensional
model predictive TTC (MPrTTC) that can consider both longitudinal and lateral possible risks. It assumes there
exists one challenging POV, which will take the worst-case behavior trying to challenge the SV, and the SV will
take the best response trying to avoid the collision. To account for the stochastic nature of human drivers, several
probabilistic-based metrics have been proposed [6-8]. The collision probability is usually estimated to evaluate
situational safety. In order to calculate the collision probability, multiple predicted future trajectories are generated
to estimate the collision expectation using different methods, e.g., Markov chain [6], Monte Carlo simulation [7],
and Bayesian network [8], etc. The potential stochastic behaviors of the SV and POVs are considered in these
methods so they can better capture interactions between vehicles. However, the computational burden of
probabilistic methods is heavier which might limit their real-time application.

The key challenge of evaluating a safety metric’s performance is the lack of ground-truth measurement of risk at
each moment in time because the future behavior of POVs is uncertain. Most existing evaluation methods rely on
expert knowledge or heuristics, which suffers from subjective biases. The objective of this research is to propose an
optimization-based method to utilize the post-trip information from vehicle logged trajectory data to evaluate and
compare the performance of different safety metrics. In this way, a fair comparison of different safety metrics can
be made, as a safety metric should alarm in advance to the collision-unavoidable moment. When trajectory data
from a large number of trips are available, different metrics’ statistical performance can be systematically evaluated
and compared.

METHOD

In this study, a systematic evaluation framework has been applied to assess the performance of real-time safety
metrics. The method can leverage post-trip information to calculate the situational risk objectively, as illustrated in
Figure 2. For a real-time safety metric, information at or up to the current moment can be used to evaluate the SV’s
(shown by the red rectangle in the figure) situational safety. But when the trip is played back to determine the
situational safety of the SV at any moment during the trip, trajectories of POVs are given, and no behavior
assumptions are needed. By incorporating this post-trip POV trajectory information, the prediction errors of POV
behaviors caused by assumptions and approximations of real-time safety metrics can be eliminated. Note that the
post-trip information is obtained from logged trajectories, which can be either simulated trajectories or real-world
recorded trajectories. Therefore, the safety metric output and the ground-truth can be compared to evaluate its
effectiveness. Specifically, collision-unavoidable moments can be identified when evasive maneuver(s) to avoid the
crash do not exist. They are objective without relying on expert knowledge or heuristically defined rules. The goal
of a safety metric is to alarm no later than the collision-unavoidable moment. To identify the collision-unavoidable
moment, an optimization problem can be formulated to examine whether there exists an evasive trajectory for the
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SV, given the near-future trajectories of all POVs after this moment. It is assumed the POV behaviors will not be
influenced by the SV actions within a short look-ahead horizon, so they will follow the observed trajectories.
Therefore, the current moment is collision unavoidable if the SV has no possible evasive trajectory. The detailed
formulation of the proposed algorithm can be found in [9].

Real-time safety metric Ground-truth situational safety calculation
Information up to the current moment Information up to the current moment + Post-trip information
= o | = '

1. Calculate situational safety of the current moment

Not Alarmed Alarmed ‘ Other  Collision Unavoidable
2. Aggregate large-scale moments
Real-time Safety Metric
Confusion Matrix Alarmed Not alarmed
(Positive) (Negative)
Should alarm True Positive | False Negative
Ground-truth (Positive) (TP) (FN)
situational — -
safety Should not alarm | False Positive | True Negative
(Negative) (FP) (TN)

Figure 2. lllustration figure of the proposed evaluation framework

Note that each observed trip is a realization of the real-world stochastic driving environment. Therefore, in the
second step, a large number of trips need to be aggregated to construct the confusion matrix. The trajectory dataset
is expected to reproduce the real-world driving environment and cover both normal and safety-critical driving
situations in order to investigate the safety metric performance. Note that not only collision-unavoidable moments
but also some moments before the earliest collision-unavoidable time need to be included in the “should alarm”
category to examine the safety metric predictive capability. Based on the confusion matrix obtained from large-
scale trajectories, the safety metric performance can be systematically evaluated. The evaluation results can not
only be used to compare different metrics, but also to help build a feedback improvement process to iteratively tune,
refine, and improve the safety metric performance.

CASE STUDIES

Introduction of three evaluated real-time safety metrics

Three real-time safety metrics, including TTC, PCM, and MPrISM, were selected to demonstrate the performance of
the evaluation framework using simulated trajectories. TTC is one of the commonly used safety metrics to evaluate
vehicle situational safety. PCM and MPrISM are state-of-the-art safety metrics proposed to evaluate ADS safety.

Detailed information on the three metrics is introduced in the following paragraphs.

The first selected safety metric is TTC, which is defined by

x._ —x, J—
TTC =22~

Vi = Vi
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Where x;_; and x; denote the longitudinal position of the leading and following vehicles, respectively. v;_; and v;
denote their corresponding longitudinal speed. ! denotes the length of the leading vehicle. In this study, the TTC is
considered alarmed if it is smaller than 1 second.

The second selected safety metric is PCM. It formulates the situational safety evaluation problem into a SV
trajectory planning task. An optimization problem is developed to find the best SV trajectory as defined by an
objective function with four weighted terms. The decision variables of the optimization problem are the SV action
sequences. The authors assume POVs will follow their current speeds and headings during the prediction horizon
and the objective is to minimize the SV “criticality” within the prediction horizon. The optimization formulation is
as follows

N-1

i 2
u=[u(0) mfnu(N—l)] Z (WxRx (k) + WyRy (k) + Wax

k=1
s.t. s(k+1)=Ak)s(k) + B(k)u(k),vt =0,..,N —1,#(3)
cr(k) < y(k) < ¢ (k), #(4)
x(k) < ¢ (k), #(5)

az (k) az (k) )
Umar)? % (maxd)? #D)

Gu(k) < h.#(6)

The objective function, i.e., the criticality, is composed of four parts, which include the longitudinal margin R, (k),
lateral margin R, (k), longitudinal acceleration a,(k), and lateral acceleration a,, (k). These terms are weighted
using four pre-defined parameters wy, wy,, Wqy, and w,,,. The decision variable is the SV action at the k-th moment
u(k) which includes the longitudinal and lateral accelerations a, (k) and a, (k). N denotes the number of look-
ahead steps. 4, denotes the road friction coefficient. The constraints of the optimization problem include the SV
vehicle dynamics (Equation 3), where s(k) denotes the SV state at the k-th timestep. Egs. 4-5 denote the SV safety
constraints with surrounding POVs during the prediction horizon. ¢, ¢,, and ¢y denote the left, right, and front
boundaries, respectively, which are calculated based on the predicted trajectories of surrounding POVs. The last set
of constraints (Equation 6) characterizes the admissible action space (i.e., the Kamm’s circle as illustrated in Figure
3) of the SV. By solving this optimization problem at each time step, the safety metric can be obtained using the
maximum estimated acceleration during the prediction horizon. If the maximum acceleration exceeds certain pre-
defined thresholds (i.e., the maximum acceleration of the SV), then this moment is considered dangerous and the
PCM is alarmed. The model parameters have been set according to the original paper, where w, = 1, w,, =
1, wgr = 0.1, w,, = 1, time resolution 0.1s, look-ahead steps N =20 [4]. The PCM is considered alarmed if the
maximum expected acceleration is greater than 8 m/s?2.

a, (/s")

Figure 3. Vehicle admission action space (i.e., Kamm’s circle)
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The third selected metric is MPrISM. To evaluate the situational safety, it considers the pairwise interaction
between the SV and each surrounding POV. It assumes the POV will take the worst-case behavior trying to collide
with the SV. At the same time, it assumes the SV will take the best response trying to avoid the collision. Therefore,
for each moment, to find the riskiest POV action and the best SV response, a min-max calculation is made. This is
done every moment with the SV state (including vehicle position, speed, and heading) s,, and the POV state, s;. For
each look-ahead step N = 1, ..., T, the Euclidean distance between the SV and the POV at the end of the prediction
horizon N can be obtained by solving the following minimax problem:

min max J(xi(N) - xO(N))2 + (y(N) - yO(N))Z.#(7)

s.t. so(k + 1) = Ag(k)so (k) + Bo(k)ue(k), ¥t = 0, .., N — 1, #(8)
sk + 1) = A;(k)s; (k) + By(k)w; (k), #(9)
Gouo(k) < hg, #(10)
G (k) < hy, #(11)

where X, yo and x;, y; represent the longitudinal and lateral positions of the SV and POV. uy and u; denote action
sequences of the SV and the POV, respectively. For the constraints, Equation 8 and Equation 10 denote the system
dynamics and Kamm’s circle constraints of the SV, respectively. Equation 9 and Equation 11 denote the
corresponding constraints for the POV. The predicted time-to-collision equals to NA (A is the time resolution) if the
distance between SV and POV is smaller than a pre-defined collision threshold C at the end prediction horizon NA.
After iterating over all POVs, the least time-to-collision value across all POVs can be obtained and denoted as the
model predictive time-to-collision (MPrTTC), which is used as the safety metric output. The model parameters
have been set according to the original paper, where time resolution A = 0.1s, look-ahead steps N = 10, and
collision threshold C = 4m [5]. The MPrISM is considered alarmed if the MPrTTC is smaller than 1 second.

Simulation results

In this study, the performance of the proposed method is demonstrated using three simulated scenarios: SV
overtaking POV, POV cutting in front of the SV, and POV and SV both moving into the same lane. The scenarios
are generated using simulation models. In these scenarios, the real-time safety metrics may fail, for example,
generating false alarms, or misidentifying potentially dangerous situations. The results show that the proposed
method can successfully identify potential weaknesses caused by metric assumptions, approximations, and
parameters.

Scenario 1: SV overtakes POV

The first scenario is a normal overtaking case, where the SV is overtaking the POV on the adjacent lane and there is
no crash happening in this scenario. The logged SV trajectory (shown by red curve and box) and POV trajectory
(shown by blue curve and box) starting from the timestep 79 are shown in Figure 4a. The real-time safety metric
results and the ground truth calculated with logged POV trajectory are shown in Figure 5. The red color moments in
the ground truth denote the collision unavoidable moments. The red color in the safety metric results indicates that
it alarmed at that moment. The MPrISM produces false alarms in this scenario.

As shown by the ground truth, it can be seen that moment 79 is not dangerous, and all metrics except for the
MPrISM do not alarm. The MPrISM predicted trajectories of SV and POV are shown in Figure 4b. The shaded
area denotes the assumed vehicle geometry by MPrISM. The MPrISM predicts that the POV will steer into the SV's
lane since it makes worst-case behavior assumption regarding POV behavior. Therefore, a collision is predicted to
occur in 0.6 seconds even if the SV takes the best response to avoid the collision. According to the collision
definition in MPrISM, a collision is considered to happen when the Euclidean distance between two vehicles
(considered as mass points with a certain radius) is smaller than the collision threshold. From the results as shown
in Figure 4b, it is apparent that the predicted SV and POV circles overlap, so a collision is predicted by MPrISM.
However, the two vehicles are not colliding with each other if considering their real geometry as shown by the two
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rectangles. Therefore, a false positive case is produced by the MPrISM due to both the worst-case behavior
assumption and the single-circle approximation. Note that there is a trade-off for the MPrISM collision threshold.
Using a larger threshold will cause more false alarm cases as shown in this scenario, whereas using a smaller
threshold will cause false-negative cases (i.e., miss dangerous situations) as shown in Scenario 3.

SV and POV states at
ime=179 ==

=

(a)

MPrISM predicted SV and POV
states-for 6 lookah teps—————
SV and POV states at ates eads

time=79 l: {"l ]

MPrISM
: E] identified

a collision

(b)

Figure 4. (a) the logged SV (Red) and POV (Blue) trajectories starting from timestep 79, (b) the MPrISM predicted
SV (Red) and POV (Blue) trajectories starting from timestep 79 of Scenario 1. The shaded area denotes the assumed
vehicle geometry by the safety metric.

Situational safety
using logged data

50 100 150
MPriSM
50 r 100 150
PCM
50 + 100 150
TTC
50 79 100 150
Time
Ground-truth situational safety Safety Metric
N 1 [ ]
Other Not Alarmed

Alarmed

Figure 5. The ground-truth situational safety calculated using post-trip logged trajectory data and real-time safety
metrics results of Scenario 1.

Scenario 2: POV cut-in SV

In the second scenario, the POV cuts in front of the SV, and a crash happens during the process. The logged
trajectories starting from timestep 76 are shown in Figure 6a. The post-trip calculation and safety metrics results are
shown in Figure 7. The PCM and TTC produce false-negative cases in this scenario.
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From post-trip calculation results, starting from moment 76, the state of the SV is collision unavoidable, given the
actual POV actions after that moment. The MPrISM successfully alarms starting from the moment 76. It does not
generate false positives as in the previous case, since the worst-case behavior assumption regarding the POV can
accurately characterize the aggressive cut in behavior. However, both PCM and TTC did not activate at the moment
and generated false negatives. The PCM predicted SV and POV trajectories are shown in Figure 6b. The PCM
assumes POV will maintain its current speed and heading within the prediction horizon. As a result, the SV can
avoid the crash by turning to the adjacent lane. However, in the real situation, the POV is cutting in more
aggressively compared with PCM behavior assumptions. Therefore, the PCM fails to activate at this collision
unavoidable moment. For the TTC, it fails to consider the cutting in POV since they are not in the same lane at the
current moment. Thus, the SV does not consider the POV as its leading vehicle and therefore produces false-
negative cases.

[ —

SV-and POV f
states at time=76 Collision
(a)
| e e——
SV and POV PCM predicted SV and POV states for
| states at time=76 20 lookahead steps
(b)

Figure 6. (a) the logged SV (Red) and POV (Blue) trajectories starting from timestep 76, (b) the PCM predicted SV
(Red) and POV (Blue) trajectories starting from timestep 76 of Scenario 2. The shaded area denotes the assumed
vehicle geometry by the safety metric.
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Figure 7. The ground-truth situational safety calculated using post-trip logged trajectory data and real-time safety
metrics results of Scenario 2.
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Scenario 3: POV and SV both move into the same lane

In the third scenario, the POV and SV are lane-changing to the same target lane and a crash happens during this
process. All three metrics produce false-negative cases in this scenario. The logged trajectories starting from
timestep 73 are shown in Figure 8a. The post-trip calculation and safety metrics results are shown in Figure 9.

From post-trip calculation results, starting from moment 73, the SV is collision unavoidable. However, all three
metrics fail to alarm before the moment and cause false negatives. To analyze the MPrISM result, the MPrISM
predicted trajectories of SV and POV are shown in Figure 8b. Within the 10 looking-ahead steps of MPrISM, the
minimum predicted distance between the SV and POV occurs at the 6 look-ahead steps. As shown in Figure 8b, the
two vehicles have already collided with each other as shown by the rectangles. However, due to the single circle
approximation adopted by the MPrISM, it fails to identify the collision. One method to improve accuracy is to use
multiple circles to represent the SV and POV. The benefit of using three circles rather than one circle is that it can
more accurately capture the vehicle geometry and determine whether a collision happens or not. For the PCM, the
reason why it fails to detect the crash in this scenario is similar to that discussed in Scenario 2. For the TTC, the
reason why it fails to detect the crash in this scenario is that the leading vehicle velocity is higher than the following
vehicle velocity.

Collision

re

SV and POV states at
time=73

(a)

MP1ISM predicted SV and POV
states for 6 lookahead steps
(with smallest distance among
the prediction horizon )

SV éiﬁpov states at
time=73

(b)

Figure 8. (a) the logged SV (Red) and POV (Blue) trajectories starting from timestep 73, (b) the MPrISM predicted
SV (Red) and POV (Blue) trajectories starting from timestep 73 of Scenario 3. The shaded area denotes the
assumed vehicle geometry by the safety metric.
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Figure 9. The ground-truth situational safety calculated using post-trip logged trajectory data and real-time safety
metrics results of Scenario 3.

CONCLUSIONS

In this study, an assessment framework of real-time safety metrics performance is developed, utilizing post-trip
information from vehicle logged trajectory data. Specifically, the logged POVs trajectories are utilized to determine
whether the SV is in a collision unavoidable situation, which is an objective reflection of the situational safety, and
this can serve as the ground truth of safety metrics. The goal of a safety metric is to alarm no later than the collision
unavoidable moment to indicate the situational safety of the SV, but also without over-alarming (i.e., without too
many false-positives). By analyzing the safety metric outputs and ground truth, one can identify the safety metrics'
failed scenarios and investigate their potential weaknesses caused by model assumptions, approximations,
parameters, etc. These results can help developers improve the performance of existing safety metrics. It can also
help researchers and practitioners better understand the characteristics of different safety metrics, which may result
in a choice of more appropriate metrics for different application purposes. This study has shown the benefit of a
large number of logged trajectories for conducting a systematic analysis of safety metric performance. These can be
used to compare the safety metric results with the calculated ground truth in order to obtain their statistical
performance evaluation. It is recommended that logged trajectories cover diverse scenarios and locations to
examine safety metrics performance under different circumstances. In this study, simulated trajectories were used to
showcase the evaluation results. In the future, with the development of sensing technologies and data acquisition
systems, real-world trajectories can be recorded and used to enrich and complement the simulated datasets.

STUDY LIMITATIONS

e In this study, it is assumed that perception systems are perfect in identifying POVs and their relevant
attributes. Metric performance implications of uncertainties and inaccuracies that may be associated with a
perception system’s performance are not explored in this study.

e The metrics are assessed using three relevant but simple scenarios involving a single POV in each case.
There are other complexities (e.g., computational) associated with these metrics when calculating a crash
risk measure in real-world scenarios where multiple safety relevant objects may operate within the future
time horizon of a metric’s consideration. These are not explored in this paper.

e The crash risk metrics studied in this paper make assumptions on the bounds of how POVs may behave. In
this study, those parameters are set as recommended by their authors with citation. However, metric
performance is very sensitive to these settings. The use of the cited parameters does not imply agreement
on these as reasonable or acceptable settings.
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Executive Summary

Designing, developing, testing, and deploying an Automated Driving System (ADS) for use
on public roadways in the United States is challenging for a variety of reasons, including for
the ADS developer in defining and describing their approach for ensuring the safety of their
vehicles. An autonomous vehicle is subject to National Highway Traffic Safety
Administration (NHTSA) motor vehicle safety requirements, despite there being no defined
Federal Motor Vehicle Safety Standards (FMVSS) that govern ADS performance
requirements. The operation itself may be subject to other federal safety, state, and local
laws and regulations depending on the type of operation (e.g., commercial motor vehicle or
passenger service operation) and operating location. In addition, there is federal voluntary
guidance containing priority safety design elements and a growing number of relevant
industry-developed consensus standards and best practices available to an ADS developer
to consider and incorporate in the design of their ADS. In navigating these various
regulatory frameworks, standards, and best practices, the ADS developer is still ultimately
responsible for defining and ensuring safety for their own vehicles. A safety case-based
approach is a valuable way to provide such assurance.

A safety case is a structured argument, supported by evidence, intended to justify that a
system is acceptably safe for a specific application in a specific operating environment.
While this approach is not entirely new — safety cases have been incorporated into other
safety-critical industries — safety cases for the development of autonomous vehicles are
novel.

A safety case-based approach creates value through both flexibility and a high degree of
rigor, if applied correctly. It is flexible because it provides the ADS developer with the latitude
to determine what claim to make, and it is rigorous because there must be evidence to
substantiate it. For example, there are now several publicly available voluntary industry
standards and guidance spanning many important topics related to the development and
safe operation of an ADS. These topics include functional safety, behavioral safety, and
safety assurance for machine learning systems.! The emergence of these standards provide
varying perspectives that ADS developers should consider and how an ADS developer
implements these standards can be the basis of a safety case claim related to adhering to
industry standards.

This paper will present Aurora’s experience and lessons learned in developing and
implementing its own Safety Case Framework. This includes discussion regarding how
Aurora integrates existing industry standards into the ADS development process, while also

! https://safeautonomy.blogspot.com/2022/04/maturity-levels-for-autonomous-vehicle.html
https://www.eetimes.com/ul-4600-draft-puts-safety-onus-on-av-hopefuls/




4
PILII'OI"CI Assurance Through Safety Cases—There’s a Claim For That

building on them by incorporating into the development process vehicle product engineering
requirements, enterprise wide processes, and operational elements (such as a Safety
Management System). A safety case-based approach is important to ensure that the
integration of many new, overlapping standards is managed correctly. And ultimately, a
safety case-based approach provides transparency and insight into safety assurance.

What is a Safety Case?

A safety case is a structured argument, supported by evidence, to justify that a system is
acceptably safe for a specific application in a specific operating environment.? A structured
argument includes a specific claim —in Aurora’s case, that our self-driving vehicles are
acceptably safe to operate on public roads — that is then divided into subclaims. These
subclaims may be further broken down into additional subclaims that ultimately result in
evidence to substantiate the claim.

Safety cases are not a new concept — they have been widely used in various other
safety-critical industries, such as oil and gas exploration, aviation, rail, medical devices, and
nuclear energy.® (See Fig. 1 for other examples and timelines)

Qil & Gas Medical
1990: Cullen Report 2010: Assurance Case
recommendation following Report—510(k) submissions

Piper Alpha Inquiry

Aviation Rail Nuclear
e e sams 12 pensso
—@ @ @ @ 9—0—© L
Defense (UK) Aviation Road Vehicles ADS
mid 1990s: |SF 430 2008: Pilot training Alternate 2011150 26262 2020: UL 4600
and DEF STAN 0056 Means of Compliance

Fig. 1 Safety cases in other industries

Aurora has adopted a safety case-based approach because we believe it is the most logical
and efficient manner to show and explain how Aurora determines that our self-driving
vehicles are acceptably safe to operate on public roads. The heart of our safety case is a

2 Defence Standard 00-56 Issue 4 (Part 1): Safety Management Requirements for Defence Systems. UK
Ministry of Defence.
3 See Cullen, W. Douglas. The Public Inquiry into the Piper Alpha Disaster. London, UK, 1990.
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structured argument, supported by evidence, to demonstrate the claim for why our vehicles
are acceptably safe for operation on public roads.

No single piece of evidence captures the totality of safety. There are complex interactions
and relationships between the many elements that go into developing an ADS and it can be
difficult to track and trace these interactions. We can provide various pieces of evidence, but
without the appropriate context it would be difficult to understand why and how these
pieces of evidence are relevant.

Ultimately, evidence without a claim is simply trivia and, conversely, a claim without
evidence is baseless. A safety case-based approach brings these two essential concepts
together in a logical manner to effectively show the work that we have undertaken to
determine our vehicles are acceptably safe to operate on public roads.

Safety Case Framework vs. Safety Cases

Aurora’s Safety Case Framework is designed to be adaptable to different vehicle platforms
and operational contexts, and is the superset that captures all the claims that Aurora argues
are necessary to safely deploy our ADS. It provides a logical mechanism to describe,
characterize, and justify that the ADS is acceptably safe to operate. The structured
argument of the Safety Case Framework outlines what the completed safety argument
must achieve without providing prescriptive requirements on how it must be achieved (see
Fig. 2). This abstraction is intentional and provides flexibility for different engineering teams
to define and develop the evidence to substantiate the claim. Aurora’s safety cases are
derived from this framework and each is simply the compilation of the evidence addressing
the relevant claims.

Aurora’s Safety Case Framework is built upon five principles that describe our approach to
developing our self-driving technology — Proficient, Fail-Safe, Continuously Improving,
Resilient, and Trustworthy. The Principles are the broad categories that guide and describe
our goals for developing safe autonomous vehicles, including:

e Proficient: The vehicle is acceptably safe during normal driving. Essentially,
everything is working as intended.

e Fail-Safe: The autonomous vehicle is acceptably safe when there is a fault or failure.
We design our vehicles in such a way that, if some component fails (like if a sensor is
damaged or a tire blows out), the vehicle should behave in a manner that does not
endanger its passengers or other road users.
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e Continuously Improving: Aurora is committed to continuously improving. We are
constantly learning and striving to identify, evaluate, and resolve anomalies that
could affect the safety of the vehicle.

e Resilient: Our vehicles are acceptably safe in the case of reasonably foreseeable
misuse and unavoidable events. For example, our cybersecurity-related claims mostly
reside under this principle.

e Trustworthy: The public can have confidence in not only Aurora’s autonomous
vehicles, but our entire company — that we not only design, build, and test our
self-driving vehicles in a dependable manner, but also that we have a safety and
organizational culture in place to quickly address and resolve issues.

Top Level Claim

,/l\.

Supporting Supporting Supporting
Claim Claim Claim

r— — — — "7

| Process |-

L

/- TN
\ /

Fig. 2 Top down claim structure

Safety Case Tailoring

We use the Safety Case Framework to create a tailored safety case, taking care to define its
specific context and application in each instance. A tailored safety case is a subset of the
overall framework that includes the claims and subclaims appropriate for a specific use
case, such as autonomy operations with a vehicle operator (VO). Aurora has multiple
tailored safety cases, the primary two of which are centered around—*

1) operating in autonomy on public roads with VOs onboard (VO Road), and

4 Aurora also has other safety cases based on specific hardware configurations (e.g. sensors and computing
hardware) on various vehicle platforms (e.g. Class 8 tractor or passenger vehicle).
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2) operating in autonomy with no VOs onboard (NVO Commercial).

Since the VO Road safety case is designed for ADS on-road operations with a VO present in
the vehicle, the claims in this tailored safety case emphasize VO hiring, training, and
certification and recertification, as well as driver monitoring systems. However, claims
related to VO hiring, training, and certification and recertification become irrelevant when
we progress to the NVO Commercial safety case. As a result, those VO related claims are no
longer applicable, or are “tailored out.” At the same time, we “tailor in” other claims, such as
the ADS’s ability to execute a minimum risk maneuver to achieve a minimum risk condition
when a fault is detected, for the NVO Commercial safety case since there is no longer a VO
in the vehicle to intervene.

This tailoring of the framework is unique and depends on the assumptions, claims, and
arguments we make in each safety case. As a result, while the Safety Case Framework may
be the superset, the tailoring activity is essential to guide evidence development. Aurora
already maintains VO safety cases and expects to maintain multiple safety cases for NVO
and different vehicle platforms (e.g., Class 8 trucks vs. passenger vehicles) so that all vehicle
configurations we operate on public roads have an associated safety case.

Types of Claims

Aurora’s Safety Case Framework claims can be broadly categorized into three major
buckets: product, process, and operational safety. Product claims are related to the
engineering of the ADS, and the evidence to support those claims will change over time as
we iterate and improve the ADS’s capabilities. Process claims are related to our process for
how we develop the ADS and the evidence supporting those claims tend to be less
frequently updated. Since most companies will look to improve their development processes,
we are not implying that the evidence for this will never change, but it will do so less
frequently. Finally, operational claims are related to how the ADS is operated on public
roads.

Aurora’s Safety Case Framework is more than a set of product requirements by
encapsulating contributions from the entire company. This means that, in addition to the
engineering involved with developing the ADS, we are incorporating non-engineering
contributions from other portions of the company, such as government relations or legal,
that are critical to deploying an ADS. By aligning cross-functional contributions when
developing and deploying the ADS, we have created a safety culture throughout the
company in which everyone at Aurora plays a role in safety, and our safety case helps
recognize all of those contributions in a manner that requirements alone don’t capture.
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Incorporating Standards & Best Practices

The National Highway Safety Administration (NHTSA) has promulgated a number of
FMVSS that define performance standards for automotive safety requirements that apply to
all motor vehicles, including autonomous vehicles. These standards include clear test
procedures, parameters, and pass/fail criteria that motor vehicle manufacturers meet when
designing their vehicles. While NHTSA has not yet published FMVSS specifically related to
ADS performance requirements, many ADS developers leverage voluntary industry
developed standards and best practices as they design, develop, and deploy their ADS.

The industry, through standards development organizations, has produced a number of
useful voluntary standards and best practices for ADS developers to consider and adopt
when designing their ADS. These voluntary standards and best practices cover a variety of
safety relevant topics, including system and operational safety and ADS verification and
validation, operational design domain, and cybersecurity. Notable standards and best
practices ADS developers can consider include ISO 26262 Road vehicles — Functional Safety
®>and ISO 21448 Road vehicles — Safety of The Intended Function (SOTIF)® regarding system
safety and a number of Automated Vehicle Safety Consortium (AVSC) best practices,
ranging from ODD definitions, to first responder interactions, to metrics and methods for
assessing safety outcomes (see Table 1).

®1S0 20262 Road vehicles — Functional safety, 2018. https://www.iso.org/standard/68383.html
61S0 21448 Road vehicles — Safety of The Intended Function, 2019. https:/Awww.iso.org/standard/70939.html
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AVSC0006202103 Metrics and Methods for Assessing Safety Outcomes of
Automated Driving System (ADS)

AVSC00009202208 Interactions Between ADS-DVs and Vulnerable Road Users
(VRUs)
AVSC0007202107 Information Report for Adapting a Safety Management System

(SMS) for Automated Driving System (ADS) SAE Level 4 and 5
Testing and Evaluation

AVSC0005202012 First Responder Interactions with Fleet-Managed Automated
Driving System-Dedicated Vehicles

AVSC00008202111 Evaluation of Behavioral Competencies for Automated Driving
System Dedicated Vehicles (ADS-DV)

AVSC0004202009 Data Collection for Automated Driving System Dedicated
Vehicles to Support Event Analysis

AVSC00002202004 Describing an Operational Design Domain: Conceptual
Framework and Lexicon

AVSC00001201911 Safety operator selection, training, and oversight procedures for
automated vehicles under test

Table 1 AVSC best practices

ADS developers each have their own processes to evaluate whether and how to adapt and
conform with these various standards and best practices. That type of work is captured in
Aurora’s Safety Case Framework in multiple different places. For example, under one Aurora
claim —“G5 The Self-Driving Enterprise is trustworthy” — there is a subclaim related to how
prevailing industry best practices and standards are reviewed and adherence documented
(G5.1.1.1.3). Evidence to support this subclaim might include a process of how Aurora
periodically surveys the publication of new industry standards or best practices. It might
also include a library of identified standards and the documentation on how Aurora is
conforming to these standards. We would also expect to also see evidence in the G1
Proficient principle related to how these standards or best practices are traced to
requirements. Tying all these different pieces of evidence together is what substantiates the
claim.
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Safety Case Challenges

Maintaining flexibility

Aurora chose to be less prescriptive in developing the safety argumentation and the claim
language in its Safety Case Framework because flexibility is key to our G3 Continuously
Improving principle. This flexibility enables broader applicability and longevity before having
to revisit and update the overall framework. For example, in our claim regarding
incorporating industry standards and best practices described above, the claim language
itself states that “prevailing industry best practices and standards are reviewed and
adherence documented, on a continual basis.” It purposely does not specify which industry
best practices and standards because the identification and selection of those standards is
part of the point of the claim. This flexibility enables us to retire a best practice or standard
should it become outdated or deprecated, without having to redefine the argument.
Furthermore, prescriptive language has the risk of introducing rigidity and risk the argument
becoming invalid.

Claim ownership

When it comes to project management of a Safety Case Framework claim, it is important to
identify a single claim owner who will be designated as responsible for ensuring that the
evidence to support the claim is completed. While this may be straightforward in a
hierarchical structure, it becomes more difficult to manage with cross functional teams of an
organization. Cross functional teams bring together resources from multiple parts of the
organization to jointly work together (e.g., incorporating resources from product
development, software, and hardware). However, the challenge now becomes which
functional organization would be responsible for overseeing work on the single claim.
Ultimately, as with many development efforts, coordination and communication is key to
ensuring that all collaborators understand the task and are aligned on the deliverables.

Adapting UL 4600

UL 4600 is intended to help ensure that an acceptably thorough consideration of safety for
an autonomous product has been performed during the design process and will continue to
be done throughout the system life cycle. It does so by emphasizing repeatable assessment
of the thoroughness of a safety case.’ It is also the first standard to address the entirety of
safety assurance in the design, development, and deployment of automated vehicles.

7 UL Standard for Safety for Evaluation of Autonomous Products, UL 4600, 2nd Edition, March, 2022.
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While UL 4600 was comprehensive in many aspects of autonomous vehicle development,
there were several gaps that were deliberately out of scope by the authors, most notably the
road testing of prototype vehicles that include human operators responsible for supervising
the autonomous systems.? Since Aurora is currently testing vehicles in development with VO
supervision of the ADS, it was imperative to incorporate those safety arguments into our
overall Safety Case Framework. By developing those additional claims, we are then able to
control when they come into scope.

Communicating a safety case

Since safety cases are new for the automotive industry, it is necessary to educate industry
stakeholders, regulators, and others on what safety cases are, how they are constructed,
and how they can be interpreted. This initial effort is necessary because safety cases can be
complex and difficult to comprehend, often requiring context and explanation in order to fully
grasp the safety argument. Beyond this initial education, there is also the challenge of
bringing all the different pieces of evidence together in order to tell that story. A
comprehensive report that breaks down the safety case argument, details the claims, and
puts the various pieces of evidence into the necessary context, without forcing the reader to
wade through potentially hundreds or thousands of pieces of evidence, would be the most
effective way to summarize that work.

Conclusion

We've built our Safety Case Framework and each of its five supporting principles to guide
responsible ADS development. Each principle is supported by multiple claims and will be
substantiated by hundreds of pieces of evidence. Only by validating our system with
hardened evidence through this process can we build confidence in the Aurora Driver’s
ability to safely operate on public roads without a human driver.

We believe this is a powerful tool that not only can guide a company as it develops ADS
technology, but can also be useful in telling a coherent safety story. At the same time, it
would be inadvisable to mandate a safety case because doing so runs the risk of turning
this introspective activity into a check-the-box exercise whereby the motivation would be
rooted in compliance and whose value would be further diminished via enforcement action.
We believe every company building this transformational technology should openly share
their safety case. At Aurora, our safety case shows that we are doing more than just
committing to safety in principle, we are putting safety into practice.

8 d. section 2.1.2



