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Abstract

Urban complex scenarios are the most challenging situations in the field of Autonomous
Driving (AD). In that sense, an AD pipeline should be tested in countless environments
and scenarios, escalating the cost and development time exponentially with a physical
approach. In this paper we present a validation of our fully-autonomous driving architec-
ture using the NHTSA (National Highway Traffic Safety Administration) protocol in the
CARLA simulator, focusing on the analysis of our decision-making module, based on
Hierarchical Interpreted Binary Petri Nets (HIBPN). First, the paper states the importance
of using hyper-realistic simulators, as a preliminary help to real test, as well as an appropri-
ate design of the traffic scenarios as the two current keys to build safe and robust AD tech-
nology. Second, our pipeline is introduced, which exploits the concepts of standard com-
munication in robotics using the Robot Operating System (ROS) and the Docker approach
to provide the system with isolation, flexibility and portability, describing the main mod-
ules and approaches to perform the navigation. Third, the CARLA simulator is described,
outlining the steps carried out to merge our architecture with the simulator and the advan-
tages to create ad-hoc driving scenarios for use cases validation instead of just modular
evaluation. Finally, the architecture is validated using some challenging driving scenarios
such as Pedestrian Crossing, Stop, Adaptive Cruise Control (ACC) and Unexpected Pedes-
trian. Some qualitative (video files: Simulation Use Cases) and quantitative (linear velocity
and trajectory splitted in the corresponding HIBPN states) results are presented for each
use case, as well as an analysis of the temporal graphs associated to the Vulnerable Road
Users (VRU) cases, validating our architecture in simulation as a preliminary stage before
implementing it in our real autonomous electric car.
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1 Introduction

According to the World Health Organization, nearly one third of the world population will
live in cities by 2030, leading to an overpopulation in most of them. Aware of this prob-
lem, the European Commission published the Transport White Paper in 2011 [21] indi-
cating that new forms of mobility ought to be proposed to provide sustainable solutions
for goods and people safety. In that sense, regarding safety, it set the ambitious goal of
halving the overall number of road deaths in the EU between 2010 and 2020. However,
only in 2014 more than 25,700 people died on the EU roads, many of them caused by an
improper behaviour of the driver on the road. On top of that, the National Highway Traf-
fic Safety Administration (NHTSA), US agency responsible of reducing vehicle-related
crashes related to transportation safety, stated [59] that human beings are involved in 94 %
of road accidents, in which an inadequate velocity, driver distraction or factors inherent to
age, such as lack of sight and reflexes or joint mobility.

Considering this, Autonomous Driving (AD) have held the attention of technology
enthusiasts and futurists for some time, evidenced by the continuous research and develop-
ment in this field of study over the past decades, being one of the emerging technologies of
the Fourth Industrial Revolution, and particularly of the Industry 4.0. Despite the fact these
pipelines still present myriad scenarios with unsolved issues, the advent of Deep Learning
[36], supported by the breakthroughs in Computer Vision, accumulated knowledge in vehi-
cle dynamics and availability of new sensor modalities, datasets and hyper-realistic simula-
tors have catalyzed [69] AD research and industrial implementation, representing one of
the most challenging engineering tasks of our era. The launch of reliable and economi-
cally affordable autonomous vehicles will create a huge impact on society, affecting social
(mitigating traffic jams, transporting the mobility impaired), demographic (preventing traf-
fic accidents), environmental (reducing emissions) and economic (consuming Mobility as a
Service (MaaS), reallocating of driving time, logistics revolution) aspects.

Despite all impressive efforts in the development of AD technology [13], fully-autonomous
navigation in arbitrarily complex environments is still years away. The reason for this is two-
fold: Firstly, autonomous systems that are operated in complex dynamic environments require
intelligent systems that generalizes to unpredictable situations in a timely manner. Secondly,
informed decision-making requires accurate perception. Most of the existing perception sys-
tems produce errors at a rate not acceptable for autonomous driving [30].

Autonomous Vehicles (AVs) are expected to be driven throughout arbitrarily complex
scenarios with a reliability greater than human beings and full autonomy, performing driv-
ing decisions based on the offline and online information processed by the vehicle. The
offline information may be identified as the prior knowledge of the system, like the vehicle
dynamic, traffic rules based on behavioural decision-making systems [41] or even the topo-
logical relations and geographic information of the environment based on HDMaps (High-
Definition maps) [47, 40]. On the other hand, the online information, also known as the traf-
fic situation, is obtained through the use of a global perception system of the vehicle, which
involves different on-board sensors as: Inertial Measurement Unit (IMU), Light Detection
And Ranging (LiDAR), RAdio Detection And Ranging (RADAR), Differential-Global
Navigation Satellite System (D-GNSS), Wheel odometers or Cameras. For this purpose, a
self-driving car must sense its environment and moving safely with little or even no human
intervention. Considering a modular architecture [65, 39], which are the far more common
than end-to-end architectures [10, 68] at the time of writing this article, the core functions
of an AV pipeline may be summarized [49] as: vehicle control, localization and mapping,
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planning, perception, decision-making and V2U (Vehicle-to-User), sometimes referred as
HMI (Human-Machine Interface). The main idea of these modular based architectures is to
generate motor commands as a result of the whole stream, which start with feeding raw sensor
inputs to the perception [12] and localization modules [64] to perceive the surrounding envi-
ronment and estimate the ego-vehicle position in real-time. In terms of the perception module,
for fully-autonomous driving architectures in complex scenarios, estimating the position of the
objects in the 2D/2.5D/3D space with a very low error is insufficient. Then, identifying the
static and dynamic objects of the environment (output of the tracking stage [24]), in addition
to their heading angle and velocity, is mandatory as a preliminary stage of scene prediction.
This, combined with the control and mapping/planning layer information, feeds the decision-
making layer of the ego-vehicle in order to successfully predict the future trajectory and most
probable behaviour of the dynamic obstacles to avoid collisions and plan the optimal route
in the road in common urban use cases such as predicting the trajectory of a pedestrian in a
crosswalk, predict the presence of an adversary vehicle in the next give-way or even evaluat-
ing the risk when carrying out the Adaptive Cruise Control (ACC) use case, in which the ego-
vehicle adjusts the vehicle speed to maintain a safe distance with ahead vehicles.

The scope of this paper is the validation of our ROS based AD driving architecture (Agent
Docker in Fig. 1), focusing on the behavioural decision-making layer, in the context of some
challenging driving scenarios inspired in the CARLA [14] Autonomous Driving Challenge
and based in the NHTSA protocol. This paper is an extension of our previous conference pub-
lication [23]. In this previous work, our results were limited to the analysis of the linear veloc-
ity given the corresponding states of the HBIPNs, whilst in the present work a more detailed
analysis of temporal graph associated to the Vulnerable Road Users (VRU) use cases, in order
to analyze in depth the performance of our architecture. The validation with CARLA, a novel
open-source autonomous driving simulator, featured by its flexibility, hyper-realism and real-
time working, reinforces the simulation design stage. We hope that our distributed system can
serve as a solid baseline on which future research can build on to advance the state-of-the-art
in validating fully-autonomous driving architectures using hyper-realistic simulation, as a pre-
liminary stage before implementing our architecture in our real electric car prototype.

The remaining content of this work is organized as follows. Section 2 presents some chal-
lenges associated to this research, focused on the decision-making layer and the importance
of simulation in the context of AV, as well as a brief survey among different simulators for
testing self-driving cars. Section 3 presents our autonomous navigation architecture. Section 4
describes the main features of the CARLA simulator, its integration with our AV architecture,
the way in which the sensors perceive the environment and how this information is processed
to feed the decision-making system, including both the prior knowledge and traffic situation.
Sections 5 and 6 describes some interesting use cases, giving rise to some quantitative and
qualitative results to illustrate the proposed architecture performance. Finally, Sect. 7 deals
with the future works and concludes the paper.

2 Related works

As mentioned in Sect. 1, a fully-autonomous driving architecture (L5 in the J3016 SA [61])
is still years away, mainly due to technical challenges, but also due to social and legal ones
[42]. The Society of Automotive Engineers (SAE) stated a taxonomy with five levels [61]
of driving automation, in which the level zero stands for no automation and level five for
full-automation. Level one (L1) includes primitive ADAS (Advanced Driver Assistance
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Fig.1 Our autonomous driving architecture under CARLA simulation. GUI = Graphical User Interface;
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LiDAR = Light Detection and Ranging; IPC = Inter-Process Communication

Systems) such as Adaptive Cruise Control, stability control or anti-lock braking systems
[52]. Once the system has longitudinal and lateral control in a specific use case (although
the driver has to monitor the system at all times), level two (L2) becomes a feasible tech-
nology. Then, the real challenge arises above this level. Level three (L3) is conditional
automation, that is, the system has longitudinal and lateral control in specific use cases, so
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the driver does not have to monitor the system at all times. However, the system recognizes
the performance limits and the driver is requested to resume control (s/he must be in posi-
tion) within a sufficient time margin. In that sense, the takeover maneuver (transition from
automatic to manual mode) is an issue yet to be solved. Since recent studies [20, 43] have
demonstrated how it increases the likelihood of an accident during the route, in particular
if the driver is not aware of the navigation.

Besides this, we find levels four and five, in which human attention is not required any-
more in specific use cases (L4) or any weather condition and road conditions (L5), which
represent an open and challenging problem. The environment variables, from surrounding
behaviour to weather conditions, are highly stochastic and difficult to model. In that sense,
no industry organization has shown a ratified testing methodology for L4/L5 autonomous
vehicles. The autonomous driving community gives a simple reason: despite the fact that
some regulations have been defined for these levels and current automotive companies/
research groups are very good at testing the individual components of the AD architec-
ture using the corresponding datasets [19, 9, 70], there is a need to test intelligent vehicles
full of advanced sensors [57] in an end-to-end way. In this context, artificial intelligence is
increasingly being involved in processes such as detecting the most relevant objects around
the car (DL based multi-object tracking systems), or evaluating the current situation of the
vehicle to conduct the safest decision (e.g. Deep Reinforcement Learning applied to behav-
ioural systems). Moreover, it is important to consider the presence of sensor redundancy
in order to establish a safe navigation in such a way the different sensors and associated
algorithms are integrated together, to validate the whole system and not just individual
components.

Regarding urban environment complexity, in order to validate a whole AD architecture
the system must be tested in countless environments and scenarios, which would escalate
the cost and development time exponentially with the physical approach. Considering this,
the use of photo-realistic simulation (virtual development and validation testing) and an
appropriate design of the driving scenarios are the current keys to build safe and robust AV.
These simulators have evolved from merely simulating vehicle dynamics to also simulating
more complex functionalities. Simulators intended to be used for test self-driving technol-
ogy must have requirements that extend from simulating physical car models to several
sensor models, path planning, control and so forth and so on. Some state-of-the-art simula-
tors [33] for testing self-driving vehicles are as following:

— MATLAB/Simulink [38] published its Automated Driving Toolbox, that provides
several tools which facilitate the design, simulation and testing of automated driving
systems and Advanced Driver Assistance Systems (ADAS). One of its key features is
that OpenDRIVE [15] road networks can be imported into MATLAB and may be used
for varios testing and design purposes. This Automated Driving toolbox also supports
Hardware-in-the-Loop (HIL) testing as well as C/C++ generation, which enables faster
prototyping.

— CarSim [6] is a vehicle simulator commonly used by academia and industry. Its new-
est version supports moving objects and sensors that benefit simulations involving self-
driving tecnology and ADAS. These moving objects may be linked to 3D objects with
their own embedded animations, such as vehicles, byciclists or pedestrians.

— PreScan [63] provides a simulator framework to design self-driving cars and ADAS. It
presents PreScan’s automatic traffic generator which enables manufacturers to validate
their autonomous navigation architectures providing a variety of realistic environments
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and traffic conditions. This simulator also supports HIL simulation, quite common for
evaluating Electronic Control Units (ECUs) used in real-world applications.

— CARLA (CAR Learning to Act) [14] is an open-sources simulator which main objec-
tive is to democratize the autonomous driving research area. It is developed based on
the Unreal Engine [56], consisting of a scalable client-server architecture in which the
the simulation tasks are deployed at the serve, including the updates on the world-state
and its sensor rendering, computation of physics, actors, etc.

— Gazebo [35] is an scalable, open-source, flexible and multi-robot 3D simulator. It sup-
ports the recreation of both outdoor and indoor environments in which there are two
core elements that define the 3D scene, also known as world and model. The world
is used to represent the 3D scene, defined in a Simulation Description File (SDF) and
a model is basically any 3D object. Gazebo uses Open Dynamic Engine (ODE) as its
default physic engine.

— LGSVL (LG Electronics America R&D Center) [55] is the most recent simulator
for testing autonomous driving technology, focused on multi-robot simulation. It is
based on the Unity game engine [26], providing different bridges for message passing
between the simulator backbone and the autonomous driving stack. LGSVL provides a
PythonAPI to control different environment entitities, such as weather conditions, the
position of the adversaries, etc. in a similar way to the CARLA simulator. It also pro-
vides Functional Mockup Interface (FMI) so as to integrate vehicle dynamics platform
to the external third party dynamics models.

In order to choose the right simulator, there is a set of criteria [33] that may serve as a
metric to identify which simulators are most suitable for our purposes, such as percep-
tion (sensors), multi-view geometry, traffic infrastructure, vehicle control, traffic scenario
simulation, 3D virtual environment, 2D/3D groundtruth, scalability via a server multi-
client architecture and last but not the least, open-source. In that sense, we identify that
MATLAB/Simulink is designed to simulate simple scenarios, with efficient plot functions
and computation. It is usually connected to CarSim, where the user can control the vehicle
models from CarSim and build their upper control algorithms in MATLAB/Simulink to
do a co-simulation project, but the realism, the quality of the sensors and the complexity
is limited. PreScan presents better capabilities to build realistic environments and simulate
different weather conditions, unlike MATLAB and CarSim. Gazebo is quite popular as a
robotic simulator, but the effort and time needed to create complex and dynamic scenes
does not make it the first choice for testing self-driving technology. Then, we have two
simulators as our final options: LGSVL and CARLA. At the moment of writing this paper,
they are the most suited simulators for end-to-end testing of unique functionalities offered
by autonomous vehicles, such as perception, mapping, vehicle control or localization. Most
of their features, summarized in [33] are identical (open-source, traffic generation simula-
tion, portability, 2D/3D groundtruth, flexible API and so forth and so on), with the only
difference that LGSVL does not present camera calibration to perform multi-view geom-
etry or Simultaneous Localization and Mapping (SLAM). In that sense, we decided to use
the CARLA simulator since the performance is very similar to LGSVL and the group had
previous experience in the use of this simulator. For a deeper understanding about how we
integrate our architecture with this simulator, we refer the reader to Sect. 4.

Moreover, as stated in Sect. 1, this work focuses on the behavioural decision-making
layer of the pipeline and its relation with the end-to-end validation. The decision-making
layer must provide tools to model the sequence of events and action, based on some pre-
defined traffic rules, that can take place in the different traffic scenarios. In terms of AV,
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different approaches have been proposed to design the decision-making layer, including
different heuristic solutions [65], that lie in identifying a set of driving scenarios or driv-
ing contexts (e.g. intersection handling or lane driving), reducing the number of environ-
mental features to which the vehicle must be focused, according to each driving context.
The design of the decision-making layer for AV is challenging due to uncertainty in the
knowledge about the driving situation and the state of the vehicle. This uncertainty comes
from different sources, such as the estimation of the continuous state of nearby external
agents, like other vehicles or pedestrians, whose behaviour is usually unpredictable. Hence,
in order to design an optimal decision system, uncertainty must be considered. Despite
the fact that Partially Observable Markov Decision Processes (POMDPs) [37] offer a great
framework to manage uncertainty, they are not scalable to real-world scenarios due to the
associated complexity. Other approaches tackle this layer using simple discrete events sys-
tems, which are not enough complex to model real-world driving scenarios. Decision Trees
(DT) [16], Hierarchical Finite-State Machines (HFSM) [3] and Finite-State Machines
(FSM) [46] are among the most popular approaches to design a decision making system.
Several teams in the Defense Advanced Research Projects Agency (DARPA) Urban Chal-
lenge [41] used some of these approaches.

The approach used by the winning team (Tartan team) was a HFSM to implement their
behaviour generation component. Then, the main task is hierarchically broken down into
a set of top-level hierarchy behaviours, identified with intersection handling, lane-driving
and achieving a pose [65].

Nevertheless, for complex problems in which common urban driving scenarios are
included, the difficulty in representing the system as FSM lies in dealing with the need
to implement the potentially high number of transitions due to the state explosion prob-
lem. Behaviours Trees (BT) can get rid of these drawbacks since the transitions among the
states are implicit to their control structure formulated as a tree, giving rise to a higher flex-
ibility, maintainability and extensibility with respect to FSMs.

However, simple discrete event systems and BTs share a common problem: A naive
implementation usually gives rise to blocking behaviour, which make them unsuitable for
autonomous driving. In that sense, concurrency and parallel activities can be easily pro-
grammed using Petri Nets (PN). PNs are a powerful tool to design, model and analyze
concurrent, sequential and distributed systems. While in a FSM there is always a single
current state, in PNs there may be several states that can change the state of the PN. In par-
ticular, in this work we model every behaviour as Hierarchical Interpreted Binary Petri Net
(HIBPN) [18, 22], as shown in Fig. 2b, where a PN can start/stop another PN depending on
its hierarchy.

3 Autonomous navigation architecture

To accomplish the AD task, we present an architecture (Fig. 1) that exploits the concepts
of portability, flexibility and isolation in terms of software development using Docker [44]
containers and standard communications in robotics using the Robot Operating System
(ROS) [51]. It is featured by a modular architecture where individual modules process the
information in an asynchronous way. These modules are standalone processes that commu-
nicate each other using the ROS Inter-Process Communication (IPC) system. The publish/
subscribe concept is used to provide non-blocking communications. These software mod-
ules are organized in four layers as following:
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Fig.2 (a) Simulation example: On the left, the CARLA simulator illustrates the urban scenario our sensors
face. On the right, the RVIZ simulator shows the detection in the coloured point cloud (b) Start Petri Net of
our behaviour decision-making system

— Hardware drivers layer Set of programs that implements different hardware devices,
such as sensors and actuators.

— Control layer Set of programs that implements the vehicle control and navigation func-
tionality. These programs include the path planning (map manager), localization, reac-
tive control (local navigator) and a program to process most of the perception sensors to
detect and track relevant events (event monitor).

— Executive layer Set of programs that coordinates the sequence of actions required to be
executed to perform the current behaviour.

— Interface layer Set of processes that interact with the user and enable the communica-
tion to other processes for multi-robot applications.

Furthermore, our workflow is summarized in Fig. 3. In order to implement and validate
new algorithms for some specific use case in our real-world autonomous electric car, we
first evaluate not only the proposals of each individual layer, but also the whole archi-
tecture, which is actually the real purpose of automotive companies. We employ both
Version Control (Git) and lightweight Linux containers (Docker) for consistent develop-
ment to ensure the transfer learning between simulation and the real-world. Our motion
control is broken down into high-level (HL) planning and low-level (LL) reactive con-
trol. First of all, as observed in Figs. 3 and 1, the map manager (control layer) loads
the map made up by a sequence of lanelets [5], in which the user must specify the start
and goal position of the route. Then, a lanelet path is generated using an A* algorithm
[8]. Besides this, the map manager serves other queries from other modules related to
the map, such as providing the most relevant lanes around the vehicle (also referred as
monotorized lanes), like intersection lanes or contiguous lanes for Stop and Overtaking
use cases respectively, or providing the position of the regulatory elements in the route.
Finally, a global path planner calculates a suitable path to be followed by the car. Since
the A* algorithm belongs to the goal-directed category ([2] differentiates route plan-
ner into four categories: goal-directed, separator-based, hierarchical and bounded-hop,
providing the fastest route but not the most desirable one, since no road hierarchies or
precomputed distances between selected vertexes are taken into account. In that sense,
a local navigation module is used to safely follow this path, keeping the vehicle within
the driving lane and modifying the vehicle dynamic as a function of the behaviour con-
straints established by the HL planning. To do that, the local navigation system calcu-
lates the curvature to guide the car from its current position to a look-at-head position
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Fig.3 Workflow to develop safe AD technology. Version Control (Git) and lightweight Linux containers
(Docker) are employed for consistent development and deployment to ensure the transfer learning between
simulation and the real-world

placed in the center of the lane using the Pure Pursuit algorithm [34]. This curvature is
used as the reference for the reactive control, where an obstacle avoidance method is
implemented based on the Beam Curvature Method (BCM) [17]. Combining both the
Pure Pursuit algorithm and BCM, the local navigation system keeps the vehicle centered
in the driving lane while is able to avoid unknown obstacles that can partially block the
lane.

In terms of environment perception, we perform a sensor fusion [22] between LiDAR
and camera in order to detect and track the most relevant objects in the scene. First, a
semantic segmentation is performed in the RGB image to detect the different obstacles and
the drivable area. In the present work we use the groundtruth of the semantic segmentation
provided by CARLA pseudo-sensor instead of using some algorithm to process the RGB
camera and obtain the segmented image. We will conduct this preprocessing step in future
works. In the present work we focus on validating the autonomous navigation architecture
and its relationship with the decision-making layer. We merge the 3D LiDAR point cloud
information and the 2D segmented pixels so as to obtain a coloured point cloud, where the
points out of the FoV (Field of View) of the camera are not coloured. Then, we carry out a
coloring based clustering [28], obtaining the most relevant objects in the scene, as shown
in Fig. 2a. Then, Multi-Object Tracking is performed by combining the Precision Tracker
approach [28], BEV (Bird’s Eye View) Kalman Filter [32] and Nearest Neighbour algo-
rithm [4]. The output of the perception module is then published through the event monitor
module (see Fig. 1).

Finally, the behavioural decision-making is implemented using HIBPNs, where the
main Petri Net is fed with the inputs provided by the local perception (event monitor mod-
ule), ego-vehicle dead-reckoning in the map and the map manager information. To imple-
ment these HIBPNs, we use the RoboGraph tool [41], employed by the authors in other
mobile robot applications.
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4 Simulation stage

Fatalities caused by immature technology (software, hardware or integration) under-
mine public acceptance of self-driving technology. In 2014, in the Hyundai competi-
tion one of the teams crashed due to the rain [62]. In 2016, the Google car hit a bus
[11] while conducting the lane changing maneuver since it failed to estimate the speed
of the bus. From L3 to L4 the vehicles goes from human centered autonomy, in which
artificial intelligence is not fully responsible, to a stage in which the implemented
software and hardware are fully responsible in each particular real-world situation.
Regarding this, several ethical dilemmas arise. In the event of an accident, the legal
responsibility would lie with the automotive company rather than the human driver.
Moreover, in an inevitable accident situation, which should be the most accurate sys-
tem behaviour? Then, reliability certification and risk is another task to be solved.
Some promising works have been proposed such as DeepTest [62], but a workflow of
design — simulation — test — redesign has not been established by the automotive
industry yet. Then, it can be observed that, a fully-autonomous driving architecture
(L5 in this classification) is still years away, not only due to technical challenges, but
also due to social and legal ones. To solve this challenge, virtual testing is becom-
ing increasingly importance in terms of AV, even more so considering L3 or higher
architectures, in order to provide an endless generation of traffic scenarios based on
real-world behaviours. Since the urban environment is highly complex, the navigation
architecture must be tested in countless environments and scenarios, which would esca-
late the cost and development time exponentially with the physical approach. Some
of the most used simulators in the field of AV are Microsoft Airsim [58], recently
updated to include AV although though it was initially designed for drones, NVIDIA
DRIVE PX [7], aimed at providing AV and driver assistance functionality powered by
deep learning, ROS development studio [45], fully based on the cloud concept where
a cluster of computers allows the parallel simulation of as many vehicles as required,
V-REP [54], with an easy integration with ROS and a countless number of vehicles
and dynamic parameters and CARLA [14], which is the newest open-source simulator
for AV based on Unreal engine. In [22] we validated the proposed navigation archi-
tecture using the V-REP simulator due to the experience of our research group with
small mobile robots. However, the paradigms of real-time and high realism could not
be deeply analysed since V-REP was not designed to create high realistic urban driving
scenarios, in such a way the analysis of traffic use cases is difficult. Since our project
is characterized by being open-source, we decided to integrate our autonomous driving
architecture with the open-source CARLA simulator. This offers a much more inter-
esting environment in terms of traffic scenarios, perception, real-time and flexibility,
which are key concepts to design a reliable AV pipeline. In this work we have used the
0.9.6 version of CARLA and the corresponding versions of the CARLA ROS Bridge
and the Scenario Runner. Additional tools needed for the simulation, were configured
according to this version. In our previous work [22], we run the simulation environ-
ment, the V-REP ROS bridge and the autonomous navigation architecture in the same
host machine, running on Ubuntu 16.04. On the contrary, in the present work we
exploit the concept of lightweight Linux containers using Docker [44] images, where
the first image contains the CARLA world and CARLA ROS Bridge information and
the second image contains our autonomous navigation architecture, as shown in Fig. 1.
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4.1 Environment

CARLA is implemented as an open-source layer over Unreal Engine 4 (UE4) [56]
graphic engine. This simulation engine provides CARLA an hyper-realistic physics and
an ecosystem of interoperable plugins. In that sense, CARLA simulates a dynamic world
and provides a simple interface between an agent that interacts with the world and itself.
In order to support this functionality, CARLA was designed as a server-client system,
where the simulation is run and rendered by the server. CARLA environment is made
up by 3D models of static objects like infrastructure, buildings or vegetation, as well as
dynamic objects such as vehicles, cyclists or pedestrians. They are designed using low-
weight geometric models and textures but maintaining visual realism due to a variable
level of detail and carefully crafting the materials. On the other hand, the maps provided
by CARLA are in OpenDrive [15] format, whilst we use the lanelet approach based on
OpenStreetMap (OSM) [27] service. We transform the OpenDrive format into OSM for-
mat by using the converter proposed by [1]. Then, based on this lanelet map, we manu-
ally include the regulatory traffic information to generate an enriched topological map
useful for navigation. Furthermore, the OSM map uses WGS84 coordinates (latitude,
longitude and height) whilst the simulator provides Cartesian coordinates (UTM) relative
to an origin (usually the center of the map). Then, geometric transformations between
both systems are calculated using the libraries implemented in the ROS geodesy package.

4.2 Vehicle

In order to link the vehicle in CARLA and its corresponding model in RVIZ (Fig. 1a), we
modify the ROS bridge associated to the CARLA simulator. The CARLA ROS bridge is
a set of algorithms package that aims at providing a bridge between CARLA and ROS,
being able to send the data captured by the on-board sensors and other variables associ-
ated to the vehicle in the form of topics and parameters understood by ROS. In that sense,
we modify some parameters of the acceleration and speed PIDs (Proportional Integral
Derivative) controllers, the sensors position, orientation and resolution, the Ackermann
control node and the waypoint publisher to adjust the CARLA ego-vehicle parameters
to our project. The reference system of the vehicle is centered on the rear axle, and the
orientation of that frame is based on the LiDAR frame, that is, X-axis pointing to the
front, Y-axis to the left and Z-axis above. The angular velocity at Z is positive according
to the right hand rule, so the right turns are considered negative. The speed commands
generated by the simulator are interpreted by the local navigation system (in particular,
the low-level controller), giving rise the corresponding accelerations and turning angle.

4.3 Sensors

From the sensors perspective, the agent sensor suite can be modified in a flexible way,
being possible to modify both the number of sensors and their associated features, such
as the position, orientation, resolution or frequency. Most common sensors in CARLA
world are LiDAR, GNSS and RGB cameras as well as their corresponding pseudo-
sensors that provide semantic segmentation and groundtruth depth. Moreover, cam-
era parameters include 3D orientation and position with respect to the car coordinate
system, field-of-view and depth of field. The original configuration of the CARLA
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ego-vehicle on-board sensors had a 800 x 600 RGB camera sensor placed at the front
of the vehicle with a FoV of 100 °, a 32-channels LiDAR, a collision sensor, a GNSS
sensor and a lane invasion sensor. In our case, the position of the LiDAR and camera
sensors are manually configured in order to obtain the same frames distribution that
in our real-world vehicle. LiDAR information is published in PointCloud2 ROS format
using the bridge with the Z axe pointing up, Y left and the X inwards. Image messages
are published with the Z axe inwards, the Y down and the X pointing right in the image
plane. As mentioned above, in order to colour the 3D point cloud and perform coloring
clustering, we project the semantic segmentation into the cloud. This semantic segmen-
tation is carried out based on a 1280 X 720 RGB camera as input, which is the resolu-
tion of the ZED camera equipped in our real-world electric car. Moreover, the position
of the GNSS sensor is displaced to the center of the rear axle, required by the local navi-
gation system. The remaining sensors keep unmodified. As observed, CARLA provides
a straightforward way to add or remove sensors from the vehicle or even modify their
parameters, to adjust the simulation to the real-world as best as possible.

5 NHTSA based use cases

One of the best advantages of CARLA is the possibility to create ad-hoc urban lay-
outs, useful to validate the navigation architecture in challenging driving scenarios.
This code can be downloaded from the ScenarioRunner repository, associated to the
CARLA GitHub. The ScenarioRunner is a module that allows the user to define and
execute traffic scenarios for the CARLA simulator. In terms of crash typologies, there
are several New Car Assessment Programs (NCAPs), which are a set of protocols to
evaluate the safety of vehicles. Currently, evaluations are focused on the structure of
vehicle and Advanced Driver Assistance Systems (ADAS), such as: Adult Occupant
Protection (AOP), Child Occupant Protection (COP), Autonomous Emergency Braking
(AEB), Speed Assist Systems (SAS), etc. Crash typologies provide an understanding of
distinct crash types and scenarios and explain why they occur. They serve as a tool to
identify intervention opportunities, set research priorities and direction in technology
development, and evaluate the effectiveness of selected crash countermeasure systems.
The most important NCAPs, at the moment of writing this paper, are:

— FEuropean New Car Assessment Program (Euro-NCAP): Founded in 1997, is the
most widely used NCAP, within the scope of the collaboration of the countries of the
European Union [66].

— China New Car Assessment Program (C-NCAP): Research and development bench-
mark for vehicle manufacturers in Asia, founded in 2006. Most of its program is
based on the Euro-NCAP [25].

— National Highway Transportation Safety Administration (NHTSA): Agency of the
United States of America federal government, part of the Department of Transporta-
tion, founded in 1970. They have published research reports, guidance documents,
and regulations on vehicles equipped with ADAS [60].

— Autoreview Car Assessment Program (ARCAP): is the first independent evaluation pro-
gram for cars in Russia. They publish their studies in a newspaper called Autoreview

[29].
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Traffic Scenario 02:
Longitudinal control after leading vehicle’s brake

Traffic Scenario 03:
Obstacle avoidance without prior action

Traffic Scenario 04:
Obstacle avoidance with prior action

Traffic Scenario 09:
Right turn at an intersection with crossing traffic

Fig.4 Our selected CARLA Autonomous Driving challenge traffic scenarios, based on the pre-crash sce-
nario typology for crash avoidance defined by the NTHSA organization

In the present case, the scenarios are inspired in the CARLA Autonomous Driving Chal-
lenge (CADC) 4, selected from the NHTSA pre-crash typology [48], which can be defined
using a Python interface or the OpenSCENARIO [31] standard. Then, the user can prepare
its AD pipeline (also referred as the agent) for evaluation by creating complex routes and
traffic scenarios with the presence of additional obstacles, start condition for the adver-
sary (e.g. pedestrian or vehicle), position and orientation of the dynamic obstacles in the
environment, weather conditions and so on. Table 1 shows the main HIBPNs features used
to manage the logic of these use cases (inputs, input modules, outputs, output modules,
number of nodes and number of transitions). Below the particular HIBPNs covered in this
paper are explained from the behavioural decision-making layer perspective.

5.1 Stop behaviour

Intersections represent some of the most common danger areas on the road, since they pose
many challenges as vehicles must deal with different maneuvers such as traffic signals,
turning lanes, merging lanes, and other vehicles in the same area. Intersections are highly
varied, and some require the car to stop, while others only require a give way.

In our case, this behaviour (Fig. 5) is triggered if the distance between the Stop regu-
latory element and our ego-vehicle is equal or lower than a certain threshold D,, (that
stands for distance to regulatory element, usually 30 m). Then, the perception system
will try to check if there is some car in the lanelets that intersect with our current trajec-
tory. If no car is detected, the car resumes the path, not modifying the current trajectory.
Nevertheless, even if no car is detected and the distance to the reference line (position
of the regulatory element) is lower than a more restrictive threshold D,; (that stands for
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Table 1 Summary of the main features, including inputs, outputs and involved modules, for the main Petri
Nets of our work. MM = Map Manager; EM = Event Monitor; LN = Local Navigator; RGD = RoboGraph
Dispatch; PC = Pedestrian Crossing; N = Nodes; T = Transitions

Petri Net Inputs Input modules  Outputs Output modules N/T
Background Man/auto GUI User Run Selector RGD 8/9
goToPoint GUI User Stop selector RGD
Selector PN Reg. Element MM Run PC RGD 21/29
Dist. Reg Element MM Stop PC RGD
End Reg. Element MM Run GiveWay RGD
Reg. Element EM Stop GiveWay RGD
End Reg. Element EM Run Stop RGD
FrontCarVel EM
Odom Base
Pedestrian NoPedestrian EM WatchforPedetrians EM 10/13
Crossing Pedestrian EM SetMax Vel LN
Dist. To PC MM StopAtPoint LN
PC Over MM
Force End RGD
Stopped LN
Stop SafetoMerge EM CheckSafeMerge EM 9/12
NotSafetoMerge EM SetMax Vel LN
DistToStop MM StopAtPoint LN
StopOver MM
Force End RGD
Stopped LN
Adaptive Current Velocity MM SetMax Vel LN 4/6
Cruise FrontCarVel EM

Control (ACC) DistToFrontCar MM

distance to reference line, usually 10 m), due to the traffic rules of the stop behaviour,
the ego-car must always stop, so the ego-vehicle sends a stop command to the local
navigation module. At this point, while waiting for the car to stop, the messages regard-
ing the car velocity from the local navigation module will be received until the speed
reaches zero (stopped transition). After waiting a few seconds for safety, it will proceed
to follow the path if the event monitor publishes a message indicating that it is safe to
merge. While merging, when the car reaches the intersection, it considers that the safest
maneuver to do is to continue and it ends the behavior.

On the other hand, if a vehicle is detected before reaching the intersection, a cor-
responding message is received from the event monitor and the safeMerge transition is
set to 0. In this case, the car will stop (stop place) sending the corresponding stop mes-
sage to the local navigator and waits until the event monitor module reports a safeMerge
message. After stopping in front of the reference line, and waiting for the detected car
to take out of our perception system, the car will proceed to keep on the path and finish
the behaviour.
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5.2 Pedestrian crossing behaviour

The pedestrian crossing use case (Fig. 6), also referred as crosswalk use case in the lit-
erature, is the most basic regulatory element that helps people to cross a road. It is started
when the ego-vehicle is approaching an area with the corresponding regulatory element
and the distance to the regulatory element is lower than a certain threshold D,, (usually 30
m), in a similar way to the Stop behaviour. Then, the node watchForPedestrians sends a
message to the event monitor module to watch for pedestrians crossing or trying to cross on
the crosswalk. The watchForPedestrians output transition includes three possibilities:

— Non-pedestrian detected A confirmation from the event monitor notifying that it
received the message and so far no pedestrian has been detected (/pedestrian transition)
in the pedestrian crossing area.

— Pedestrian detected A pedestrian has been detected (pedestrian transition) in the
pedestrian crossing area.

timeout

Fig.6 Pedestrian Crossing Petri Net
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— Non-confirmation There has been some problem and no confirmation has been
received from the event monitor, so a timeout message is received and the car must stop
its trajectory.

While the current state is followPath, the local navigation module will keep following
the lane provided by the map manager module. At this moment, the system is receptive to
two events: pedestrian and distToRegElem < D.

The event pedestrian corresponds to a message published by the event monitor module:
If this message is received, the pedestrian transition will be fired, switching the PN from
followPath node to stop node. The transition distToRegElem < D,, takes place when the car
is closer than a threshold distance D,, (usually 30 m) to the crosswalk. In this case, every
time the localization module publishes a new position message, the distance between the
car position and the pedestrian crossing (in particular its reference line) is calculated and
compared with this threshold D,,.

When the car gets close to the pedestrian crossing, it reduces its velocity, even if there is
no pedestrian presence, and keeps following the path (reduceVel node) until the reference
line of the pedestrian crossing is reached (distToRegElem < D, transition). Meanwhile, if a
pedestrian is detected by the event monitor module, the message issued by this module will
fire the transition labeled pedestrian. The Petri net will switch the token to the second stop
node, where a stop message will be sent to the local navigation module, forcing the vehicle
to stop in front of the reference line of the pedestrian crossing. The Petri net will leave the
stop mode when a notPedestrian message is received (/pedestrian transition), meaning that
the car can resume its path, ending the Petri net and allowing the Selector PN to enable
another behaviour in the trajectory, if required.

Furthermore, as observed in Fig. 6b, no high-level behaviours are launched with the
Adaptive Cruise Control (ACC) or Unexpected Pedestrian use cases since they do not
depend of the presence of a regulatory element, but they are always running in the back-
ground of the Selector PN, that is, always in execution. The Adaptive Cruise Control
(ACCQ) is a behaviour that represents an available cruise control system for vehicles on the
road, automatically adjusting the vehicle velocity to keep a safe distance to ahead vehicles.
As mentioned in Sect. 1, it is a well mature technology, widely regarded as a key compo-
nent of any future generations of autonomous vehicles. It improves the driver safety as well
as increasing the capacity of roads by maintaining optimal separation between vehicles
an reducing driver errors. On the other hand, the Unexpected Pedestrian is a special use
case consisting on a pedestrian, bicycle, etc. jumps into the lane without the presence of a
pedestrian crossing. Then, an emergency break must be conducted until the car is stopped
in front of the obstacle to ensure safety, and resumes the navigation once the obstacle
leaves the driving lane.

6 Experimental results

In our previous work [22] we study the linear velocity and the odometry of the ego-vehicle
throughout the following ScenarioRunner use cases: Stop with car detection, Stop with no
car detection, Pedestrian Crossing, Adaptive Cruise Control (ACC) and Unexpected Pedes-
trian, inspired in the Traffic Scenario 09 (Right turn at an intersection with crossing traffic),
Traffic Scenario 04 (Obstacle avoidance with prior action), Traffic Scenario 02 (Longitu-
dinal control after leading vehicle’s brake) and Traffic Scenario 03 (Obstacle avoidance
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Fig.7 First and second row represent, respectively, the linear velocities and described trajectory projected
onto the corresponding CARLA scenario for Stop with car detection (a, ¢) and Stop with no car detection
(b, d) behaviours

without prior action) of the CADC respectively. Furthermore, in this work we focus on the
analysis of Vulnerable Road Users (VRU), in particular the pedestrian crossing and unex-
pected pedestrian, through the analysis of their corresponding temporal graphs. A video
demonstration for each use cases can be found in the following play list Simulation Use
Cases'.

6.1 Stop use case

The resulting graphics are segmented using different colours, corresponding to the current
node of the associated PN. Figure 7 shows the two different situations regarding the Stop
use case: with and without the presence of an adversary vehicle. The vehicle carries out
the Stop Petri net (BHstop, init) once the distance to the regulatory element is lower than
30 m. Then, the car reduces its velocity from 11 m/s (most common urban speed limita-
tion) to 0 m/s, and wait for a safe situation (BHstop). In that sense, it is appreciated that
the ego-vehicle waits 2.3 s in front of the Stop line in the use case of Stop with no detec-
tion (Fig. 7(b) and (d)), which is quite similar to time that the ego-vehicle waits with the
presence of an adversary vehicle (Fig. 7(a) and (c)). This behaviour is coherent, since the

! Simulation Use Cases link: https://cutt.ly/prUzQLi
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Fig.8 First and second row represent, respectively, the linear velocities and described trajectory projected
onto the corresponding CARLA scenario for Pedestrian Crossing (a, ¢) and Unexpected Pedestrian (b, d)
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Fig.9 Pedestrian Crossing Temporal diagram. At the top, the events produced by the monitors and map
manager modules. In the middle, the evolution of the pedestrian crossing use case, selector, and start (back-
ground) PNs. At the bottom, the velocity of the car throughout the route
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Fig. 10 Analysis of the ACC use case with variable adversary vehicle velocity. (a) represents the ego-vehicle p
linear velocity, (b) analysis of the road distance to the adversary throughout the use case, (c) the ego-vehicle
odometry projected onto the CARLA world

Stop PN presents a transition that requests 0 m/s for the ego-vehicle in addition to n extra
seconds to wait for safety, in the same way that a real-world car would do, which is usually
enough time for the adversary to leave the intersection lane and enable again the navigation
(BHstop, ResumingPath) until the car faces another regulatory element.

6.2 Pedestrian crossing use case

Figure 8(a) and (c) show the linear velocity and odometry projected onto the CARLA sim-
ulator associated to the pedestrian crossing behaviour as it was presented in our previous
publication [22]. Figure 9 represents a temporal diagram with the sequence of events, evo-
lution of the PN states and the actual velocity of the car throughout the same scenario for
a new experiment. Note that this diagram does not exactly match with their corresponding
linear velocities and ego-vehicle odometry shown in Fig. 8 since corresponds to a different
experiment with different stochastic processes involved on it.

The incorporation of this temporal diagram, also presented in [41], is a powerful
manner to validate the architecture in an end-to-end way, since we can observe how
the car behaves considering the different actions and events provided by the executive
layer, which is actually the output of the whole architecture before sending commands
to the motor. The scenario starts with the vehicle stopped 40 meters away from the reg-
ulatory element. Since this distance exceeds the previously defined threshold D,,, the
velocity is set at maximum at the beginning (Main, ACC limit max speed to 11,111).
As observed in Fig. 8(c), an additional safety area (yellow rectangle) is defined around
the pedestrian crossing, in order to activate the pedestrian detection, not only consid-
ering the lane but also a small area of the sidewalk. Note that the shown velocity is
not the velocity commanded by the control layer, which is usually more homogeneous,
but it is the actual velocity of the ego-vehicle, considering the physic constraints of the
car. About second 18, a message from the map manager module indicates the proxim-
ity of the pedestrian crossing regulatory element which triggers the pedestrian cross-
ing behaviour (¢Wyjjppan)- Then, as illustrated above, once the distance is lower than
the more restrictive threshold D,;, represented as the transition close2CrossWalk, the
executive layer indicates the reactive control to gradually stop in front of the pedestrian
crossing reference line. The reason for this is simple: A good practice when driving is
to reduce the velocity of the vehicle in the proximity of a regulatory element, further-
more if it is a pedestrian crossing, to safely conduct the maneuver, even without the
presence of a pedestrian in the monitorized area. In our case, above second 22 a pedes-
trian is detected, so a sfop signal is sent to the reactive control, which actually does not
need to abruptally change the velocity of the car since it is already moving slowly. It is
important to note that the vehicle must stop in front of the reference line if there is one
obstacle in the monitorized area Fig. 2(a). In this case, the pedestrian leaves the relevant
lane (second 30) before the vehicle reaches the line, so it does not reduce its velocity
at all. Once the reference line is over (second 31), the pedestrian crossing behaviour is
finished and the vehicle continuous the route.
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6.3 Adaptive Cruise Control (ACC) use case

Regarding the Adaptive Cruise Control (ACC) use case Fig. 10, we faced several problems
simulating this behaviour in V-REP since this environment does not offer the possibility
to configure a variable velocity for the adversary, being the ACC limited to decrease the
ego-vehicle velocity till the adversary fixed velocity. In the present case, we take advantage
of the possibilities offered by CARLA, in particular ScenarioRunner, to configure the spa-
tiotemporal variables of the adversary in this use case. In that sense, Fig. 10(a) shows the
linear velocity under the effects of the ACC in blue, being the linear velocity of the ego-
vehicle adjusted to the variable adversary linear velocity. It can be observed that the ACC
behaviour starts at the exact moment in which the adversary vehicle is detected. Moreover,
Fig. 10(c) shows how the road distance to the vehicle is decreased till 22/23 m, where the
ACC is kept until the traffic scenario is concluded. It is important to note that we do not
calculate the distance Fig. 10(c) to the adversary as a front distance (X-frame considering
LiDAR frame) or even the Euclidean distance, since it could lie in the false hypothesis of
always carrying out this scenario in a straight lane, but we calculate the distance to the
obstacle calculating the nearest node of the lane, and then the accumulated position from
our global position to that node taking into account the intermediate nodes of the lane.

6.4 Unexpected pedestrian use case

The last use case we validate in this paper is inspired in the Traffic Scenario 03 (Obstacle
avoidance without prior action) of the CADC, which is one of the key scenario to validate
VRU based behaviours. In this traffic scenario, the ego-vehicle suddenly finds an unexpected
obstacle on the road and must perform an avoidance maneuver or an emergency break. In
our case, we design our own scenario in such a way an unexpected pedestrian jumps on the
road, being initially totally occluded by a bus marquee. As expected, Fig. 8(b) and (d) show

Monitors | ¥ collision free_lane
|

i
ioreéasted_pedesman
Unexpected |

predicted_collision end_unexpected

ini_bh

he2= 4

Selector PN |-

Y
1
|
|
i
T
|
1
|
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follow_path_bh unexpected_bh follow_path_bh
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wait wait_start run_start
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Fig. 11 Unexpected Pedestrian Temporal diagram. At the top, the events produced by the monitors and map

manager modules. In the middle, the selector, and start (background) PNs. At the bottom, the velocity of the
car throughout the route
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Table 2 Reactive control analysis on CARLA simulator. NV: Nominal Velocity of the ego-vehicle (km/h).
D: Minimum distance between the adversary and the ego-vehicle to start its trajectory. Blue and Gray cells
indicate that a collision has not occurred and there has been, respectively
NV (km/h)\D(m) 12 16 20 24
14.4
18
21.6
25.2
28.8

that no high-level behaviour is launched because this situation is not included as a specific
use case (with its corresponding HBIPN), but it is always running in the background similar
to the ACC behaviour. Figure 11 represents a temporal diagram with the sequence of events
and the actual velocity of the car throughout the scenario in a similar way that the shown in
Fig. 9. The ego-vehicle starts far away from the adversary and starts its journey. At second
22 a pedestrian that is in the sidewalk is detected, so s/he is tracked and forecasted in the
short-term. After that, our prediction module intersects the ego-vehicle forecasted trajectory
and the pedestrian forecasted trajectory. If the Intersection over Union (IoU) is greater than
a threshold (in this case, 0.01), a predicted collision flag is activated and the low-level (reac-
tive) control, which is always running in the background, performs an emergency break until
the car is stopped in front of the obstacle. Navigation is resumed once the obstacle leaves the
driving lane. This temporal graph shows a good performance in unexpected situations due
to the high frequent execution of our reactive control.

A robustness analysis of our reactive control is depicted in Table 2. We show a combi-
nation of different “jumping distances” D in meters and different nominal speed of the ego

Collision:

Number of vehicles:
Nearby vehicles:
131m Tesla Model3

Fig. 12 Unexpected Pedestrian scenario. The pedestrian can be found behind the bus stop, so the perception
systems detects it at the moment it is entering the road
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vehicle NV in km/h. Blue cells indicate no collision has taken place. The D parameter rep-
resents the initial Euclidean distance between the adversary pedestrian and the ego-vehicle
Bird’s Eye View (BEV) centroid, as illustrated in Fig. 12. This distance corresponds with
the initial condition of the pedestrian, placed at the sidewalk, 1.5 m away from the road.
In a similar way to the pedestrian crossing scenario, we always monitorize an additional
safety area (the sidewalk) to detect the presence of VRUs and forecast them to ensure a
safety navigation. In this case, since the bus marquee is totally occluding the VRU, s/he
is tracked and forecasted once jumps on the lane, since we still do not present a system to
forecast the trajectories of dynamic obstacles in occluded obstacles [67, 50], which is a
quite interesting state-of-the-art topic in the field of AD. As expected, the faster the vehi-
cle goes, the lower the distance at which the reactive control detects for the first time the
pedestrian inside the lane. This is due to the ego-vehicle has travelled a greater distance,
increasing the likelihood of colliding with the pedestrian, and the ego-vehicle must per-
form the emergency break in a shorter distance.

7 Conclusions and future works

This work presents the validation of our ROS-based fully-autonomous driving architecture,
focusing in the decision-making layer, with CARLA, a hyper-realistic, real-time, flexible
and open-source simulator for autonomous vehicles. The simulator and its bridge, respon-
sible of communicating the CARLA environment with our ROS-based architecture, on the
one hand, and the navigation architecture, on the other hand, have been integrated in two
Docker images, in order to gain flexibility, portability and isolation. The decision-making is
based on Hierarchical Interpreted Binary Petri Nets (HIBPN), and our perception is based
on the fusion of GNSS, camera (including semantic segmentation) and LiDAR. The vali-
dation has consisted on the study of some traffic scenarios inspired on the National High-
way Safety Traffic Administration (NHTSA) typology, and in particular in the CARLA
Autonomous Driving Challenge (CADC), such as Stop, Pedestrian Crossing, Adaptive
Cruise Control and Unexpected Pedestrian. In particular, the work was extended from our
previous publication with several interesting temporal graphs to analyze in a holistic way
the sequence of events and its impact on the physical behavior of the vehicle. We hope
that our distributed system can serve as a solid baseline on which others can build on to
advance the state-of-the-art in validating fully-autonomous driving architectures using
virtual testing. As future works, we will study a comparison among different autonomous
driving architectures using our ongoing Autonomous Driving Benchmark Development
Kit which will help us to compare in terms of score and quantitative results different navi-
gation pipelines, such as Baidu Apollo or Autoware [53]. Moreover, sensor errors (such as
localization and perception raw data) and associated uncertainty will be thoroughly studied
in future works as an ablation study to observe the influence of these modifications in the
final validation of the architecture. Regarding these pseudo-sensors, we plan to use tradi-
tional semantic segmentation algorithms, or even panoptic segmentation networks, instead
of our traditional Precision-Tracking approach, since using panoptic directly provides an
identifier for each object in every class, which would facilitate the process of data asso-
ciation and creation of trackers. In that sense, a Deep Learning based 3D Multi-Object
Tracking and Motion Prediction algorithm, an enhanced version of our reactive control, an
state-of-the-art Human-Machine Interface (HMI) and new behaviours in the behavioural
decision-making layer will be implemented as well as the validation of the architecture in
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more challenging situations to improve the reliability, effectiveness and robustness of our
system as a preliminary stage before implementing it in our real autonomous electric car.
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