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Chapter 1

Introduction and Motivation

The Meaningful Control of Autonomous Systems (MCAS) initiative is a collaboration between
the Universiteit van Amsterdam (UvA), the Centrum Wiskunde & Informatica (CWI) and Nederlandse
organisatie voor toegepast-natuurwetenschappelijk onderzoek (TNO). The ultimate goal is to strengthen
the mutual knowledge acquisition on Arti cial Intelligence (Al) and explore the possibilities for a Joint
Innovation Centre on this topic. For the rst year, a sub-goal is determining how a fruitful collaboration
can be established on the topic of self-driving vehicles. This will be established by tackling a use case
that utilizes the strengths of the di erent partners to showcase the added value of combining the existing
expertise.

In order to improve the current state of the art in automated vehicles, improvements in at least 3
Al areas could be made:

e Sensing: improved recognition of the environment, both static (e.g. lines, highway entree) and
dynamic (e.g. other road users).

e Thinking: assessment of the current and future situation, including predicting the most likely
future tra c state.

e Acting: taking the right action given all above information.

The result of this cooperation could be a demonstration of a system with three Al components
working together to correctly navigate the above scenario, for example on a simulation platform. The
partners need to investigate what kind of demonstration is realistic, and what options may already exist
for demonstration purpose. The proposed Al system should be scalable to other scenarios, so that in
future work it can be shown to make tra c safer.

For CWI the initial focus lay on the use of (deep) reinforcement learning (RL) to improve the selection
of safe and e ective actions based on the sensing input. Currently, deep RL doesn’t play a signi cant
role in designing the control algorithms for self-driving cars. This is partly due to the fact that training is
computation- and data-intensive. However, another reason is that standard RL methodologies are mostly
geared towards numeric feedback and it is di cult to incorporate symbolic reasoning (e.g knowledge
graphs and representations generated in the thinking part). CWI therefore proposes to focus on the use
of graph neural networks (GNN) to combine the sensing input with (symbolic) information gleaned from
the thinking component. Graph neural networks are more readily combined with knowledge graphs to
make use of domain knowledge.



TNO has the focus on the thinking aspect: given information from sensing as input, create a rep-
resentation of the current tra c state and extrapolate to the future. This information will subsequently
be sent to acting component. For the knowledge representation of the tra ¢ state, TNO will build on
in-house developments of a knowledge graph for automated vehicles. The knowledge graph will be used
for competence assessment of a deep neural network that predicts the intention of other road users.
This approach will be validated using in-house data from passenger vehicles and truck platooning tests.

The UVA proposes to focus on the sensing aspect: given the input stream of the di erent sensors
on board of the vehicle (e.g. vision, lidar, radar), reconstruct the 3D scene as good as possible. The
objects in this scene detected, classi ed, identi ed and tracked with panoptic segmentation. The result
is a representation of the current tra c state which could be further used in the thinking component.
To build such perception algorithms, the UvA experience with building virtual datasets (with realism
based on game engines) will be used. A virtual dataset will provide the ground-truth needed to use a
supervised learning of a convolutional neural network. The realism of this models will be tested in a
small experimental setup: a miniature highway with mini-vehicles in the Intelligent Robotics Lab.

This technical report likes to highlight the progress made in the year 2020 and the plans for the
continuation of cooperations on the subject of Meaningful Control of Autonomous Systems.



Chapter 2

Initial ideas

In September 2019 the partners TNO, CWI and UvA signed a Letter of Intend on a collaboration to
enforce the knowledge development on the subjecMafaningful Control of Autonomous System®n
December 4, 2019 the group ohutomated and Cooperative Drivingad their Kick-o meeting, where
they studied the following scenario:

The Onderzoeksraad voor de Veilighemlblished a report "Wie stuurt?' on the safe introduction
of automated systems on the Dutch roads {20). This report describes six accidents with automated
systems on the Dutch roads as real-life examples of problems with the current state of technology.
During the Kick-o meeting the partners decided to use one of these accident scenarios to demonstrate
how the partners can work together on improving Al in automated systems to prevent such accidents
from happening in the future.

The selected accident scenario is described on page 33 of the "Wie stuurt?' report. Near Bathmen
a vehicle in autopilot mode crashed onto a truck that breaks out of a platoon to make space for a truck
entering the highway.

Figure 2.1: The situation after the accident for the proposed scenario.
Courtesy: Hof van Twente & Onderzoeksraad voor Veilighéid (20)



This scenario is a perfect showcase for possible improvements in automated driving:

~ According to the report, the vehicle did not detect the lane-changing truck in time because the
autopilot system can only adequately detect other vehicles in the same lane.

" The automated system could benet from taking into account information from the complete
tra c state, including the truck entering the highway, to anticipate the lane change of the truck.

" According to the report, the automated system decided too late that a braking action was necessary
to prevent a collision.

Accidents like this scenario can only be prevented when the three Al components sensing, thinking
and acting in harmony and support each other in their decisions.



Chapter 3

Learning to Drive - End-to-End Learning

To recreate this scenario, several simulation platforms have been studied. Initially we looked at Autoware
ecosysterh, which is a Gazebo based simulation environment. Later in the project we shifted our
attention to the Carla simulatdt, which is based on the Unreal Engine.

For this Carla simulator a Amazon Elastic Compute Cloud (EC2) server was con gured, where the
researchers from TNO, CWI and UvA can work together in their developments. The ports of the EC2
server can be forwarded to your local machine, so that you visualize the scenario.

The Carla simulator is already used to generate data for two autonomous driving tasks: vehicle
detection and lane following. The approach on vehicle detection is described in Section 4.1, which
summarizes UvA's student team's participation in the Waymo challenge. The approach on lane following
is described in two papers submitted to the Intelligent Autonomous Systems conference (21; 28).

In the rst paper the Carla simulator was used to train the vehicle to follow a lane. Such task can be
accomplished model-based by rst detecting the lane-markings and than command the vehicle to stay
in the middle of the lane-markings, but this approach is prone to fail in situations where lane-markings
are missing. A more advanced approach is to train the vehicle to stay in the lane using the full camera
feed (end-to-end learning), as described in (21).

Figure 3.1: Situation encountered in the Carla Simulator for Town 3 (left) and Town 10HD (right). The
green and blue vector are the learned steering angles for this situation.

The model was trained in Carla simulator based on imitation learning, by providing examples of the
vehicle driving around through the simulated Town 3 environment based on the waypoints available in

https://www.autoware.ai/
2https://carla.readthedocs.io/en/latest/start_introduction/



this world. This town is in one of the most complex environments available in the simulation environment
CARLA. From the training in this environment it is clear that complex situations remain di cult to learn
without high-level commands.

After the training, the vehicle can follow the road reliably in the training map, a behavior that can
be transferred to a non-complex map with circumstances it has not seen before. The learned behavior
was then validated in two town not seen during training: the complex Town 10HD environment (See
Fig. 3.1) and a less complex Town 6 environment. The result was a success-rate of respectively 62%
and 90%.

The behavior trained in simulation can also be transferred from simulation to a real environment.
In the Intelligent Robotics lab this was done on the DuckieTown highway (see Fig. 3.2). The lane
following behavior of this vehicle was trained in OpenAl's Gym framework. While the simulator delity
of OpenAl's Gym is quite low, the real world DuckieTown environment is also rather simple, featuring
large road markings in an indoor environment. It does not often feature visual e ects such as shadows,
water re ections or sun are e ects, reducing the need for a photo-realistic simulator, such as the Carla
simulator. Yet, it is quite impressive to see transfer learning demonstrated. More details can be found
in (28).

Figure 3.2: The DuckieTown highway used for real world evaluation. The outer track circle is used for
the JetRacer. The JetRacer vehicle is shown at the right.

The code of this study is published on two private github pages; the installation instructions for the
code are added as an appendix to this document.



Chapter 4

Intermezzo: challenges

4.1 Waymo challenge

On March 19th, 2020, the company Waymo launched a challénigeimprove the detection rates on
their Waymo Open Dataset (27). The challenge run until May 31th and was a great opportunity to
bootstrap the sensing part of our cooperation. To train detection algorithms a lot of data is needed,
which was provided in this challenge, based on "the largest and most diverse multimodal autonomous
driving dataset to date" (27).

The Waymo Open Dataset is unique in the sense that it has extensive high-quality LIiDAR data with
high quality annotation. Yet, our UvA team concentrated on the 2D Detection challenge, which restricts
the input data to camera images, excluding LiDAR data. Still, it is an impressive dataset, with 9.9M 2D
Boxes, recorded at 1000 di erent scenes for training and validation, and 150 scenes for testing, where
each scene spans 20s. The scenes were all recorded in the USA, although at three di erent locations
(San Francisco, Mountain View, and Phoenix).

Figure 4.1: First results of the Mask R-CNN model using pre-trained COCO weights (at the left the
ground-truth, at the right the prediction)

The vehicles driving around for Waymo were equipped with ve LIiDAR sensors and ve high-
resolution cameras. The Waymo Open Dataset is also accompanied with a baseline implementation

https:/iwaymo.com/open/challenges



for the 2D Detection challenge, as described by Stnal (27). They used the Faster R-CNN object
detection architecture (25), with ResNet-101 (8) as the feature extractor and pre-trained the model on
the COCO Dataset (17) before ne-tuning the model on the Waymo Open Dataset. With a comparable
approach, based on the Mask R-CNN model (7) (an extension of Faster R-CNN), the UvA team was
able to reproduce those results, although it is clear from Fig. 4.1 that a multi-scale approach is needed
to also detect the vehicles further away.

During the competition several approaches (i.e. Yolo (24), several variants of Masked RCNN) were
tried by our team, but the score based on submissions of subsets of the validation-set (10K images)
remained low. Only when the results for the full validation set (200K images) were submitted the results
improved. With a processing speed of 4FPS it took more than 8h to process the whole validation-set
and to bundle it in submission bins. The result was an average score over all object types is 0.3075/L1
and 0.2513/LZ, which should be interpreted as an high precision (above 80%) combined with a recall
of 40%. This performance resulted in a top-30 quali cation. The champions of the competition (12)
showed that multi-scale training and full resolution training were essential for their success, which
resulted for an high precision combined with a recall of nearly 80%.

4.2 Lyft challenge

On August 24th, 2020, the company Lyft launched a challehgm predict the future motion of tra ¢

agent, if their previous trajectory is already detected based on 3D tracking of objects by fusing of camera
and LiDAR measurements (16). The challenge run until November 25th and was highly applicable for
the future of the cooperation. The dataset of this challenge is still available for training (11).

In order to fulll the prediction task one needs signi cantly more detailed information than the
positions of the vehicles. One also need context information about the environment including, such as
semantic maps that encode possible driving behaviour to reason about future behaviours, as illustrated
in Fig. 4.2.

Figure 4.2: An example of a state-of-the-art self-driving pipeline as given by (11)

The leading solutions for this task apply deep learning techniques on the birds-eye-view of the scene.
An example of such approach is the submission of the Epoch feanstudent team of the University
of Amsterdam & Technical University Delft, who started with a ResNet (9) with 101 layers to predict

2https://waymo.com/open/challenges/2d-detection/
3https:/iwww.kaggle.com/c/lyft-motion-prediction-autonomous-vehicles/
“https://www.teamepoch.net/



multiple possible trajectories. They quickly found out that there was not enough training data for such
a deep network, so instead they trained a ResNet with 34 layers with the same loss-function as used in
the challenge. This resulted in a top-100 quali cation.

Currently this dataset is used for a graduation study (5) with a more in-depth analysis on how to
improve the predictions of the future paths.

4.3 Al Driving Olympics

On September 15h, 2020 the DuckieTown organisation launched the 5th edition of the Al Driving
competitions, as competition track of the NeurlPS 2020 conferéncéhe competition consisted of a
simulated DuckieTown circuit, which could be used for training. Another DuckieTown circuit was used
for evaluation. The challenge consisted of a lane-following task, augmented with other obstacles on the
road.

For this challenge, the Duckiebot should to drive on the right-hand side of the street within Duck-
ietown without a speci ¢ goal point. Duckiebots will will be judged on how fast they drive, how well
they follow the rules (see Fig. 4.3) and how smooth or \comfortable" their driving is.

Figure 4.3: A complex Duckietown crossing.

This scenario was very comparable with the end-to-end learning approach taken in this project, so
same the Proximal Policy Optimization method (26) for this competition. This resulted in a top-10
quali cation in all three challenges.

Shttps://neurips.cc/Conferences/2020/CompetitionTrack
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Chapter 5

Learning to Drive Safely - Combining
Data-Driven Al with knowledge

5.1 Improved situational awareness

The safety of automated vehicles (AVs) could be enhanced by introducing the concept of situational
awareness of the Al. The goal of situational awareness is to have an assessment of how well the current
situation and the situation in the near future re ect the training of the Al, or in other words, how known
they are. This will give a level of competence of the Al. Fig. 5.1 shows the proposed architecture of the
system.

5.2 A Hybrid-Al Approach to Situational Awareness

The tremendous success of Deep Neural Networks (DNNSs) in the recent years (15) has lead to many
applications in automated driving, ranging from perception (3) and trajectory prediction (4) to decision
making (1). The strength of DNNs is the capability to deal with complex problems, but one important
drawback for their application in safety-critical systems is how they deal with new situations (10; 18).
DNNs learn a (possibly very complex) mapping from input data to output, but they lack an understanding
of the deeper causes of this output. Hence, these algorithms cannot reason about whether they are
competent to produce reliable output based on the input data. To safely apply DNNs (or any learning
algorithm) in automated vehicles, we need to add situational awareness: the comprehension whether
the system understands the current environment and is capable of producing reliable output.

Here we describe a hybrid-Al approach (6; 19) to situational awareness. In this approach, a data-
driven Al is coupled to a knowledge graph with reasoning capabilities. The current application is a DNN
that predicts the intention of other road users to merge into the lane of the ego vehicle (cut-in maneuver).
This is combined with a knowledge graph of the tra ¢ state that relates the current situation to what
the predictor has learned from the training data. The knowledge graph reasoner returns an estimate on
the reliability of the predictor, which it forecasts into the immediate future (2 seconds ahead) to be able
to warn the driver or safety system in advance that takeover of control is imminent in the near future.
A more detailed description of the approach can be found in (22).
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Figure 5.1: Proposed architecture of the system.
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