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ABSTRACT

The aim of the paper is to assess how the traffic of
roundabouts could be organized in the future. A mixed traffic is
supposed to occur, featuring both fully automated vehicle and
vehicles driven by humans. The case study is a part of a
comprehensive research funded by European Commission,
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focusing on how improving the 5G network by Artificial
Intelligence (Al) and edge computing.

The traffic flow into a reference roundabout is simulated by
SUMO, a Reinforcement Learning (RL) algorithm is derived and
drives the automated vehicles into the roundabout. By means of
a dynamic driving simulator, a real human drives into the
simulated traffic of the roundabout. The human-in-the-loop is
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needed to check whether the driver feels comfortable and safe
while driving in presence of automated cars.

The preliminary results are quite promising. Drivers seem
not worried when they interact with Connected and Automated
Vehicles (CAVs) into the roundabout. They seem preferring to
share the roundabout with CAVs as they seem feeling the traffic
to be more fluent. Such preliminary results deserve an extensive
statistical investigation for a final assessment.

Keywords: Roundabout traffic simulations, Reinforcement
learning, Driving simulator, Human in the loop

1. INTRODUCTION

Artificial Intelligence has become a major innovative force
and it is one of the pillars of the fourth industrial revolution. In
fact, European Commission has already highlighted how highly
performing, intelligent and secure networks are fundamental for
the multi-service Next Generation Internet. The objective of the
European project AI@EDGE [1] is to integrate Al-enabled
platforms in potentially autonomous decision-making systems or
even critical infrastructure. In this context, the project studies,
among other practically important applications of Al and 5G, the
negotiation of a roundabout by automated vehicles. In the
considered scenario, several connected and automated vehicles
(CAVs) exchange data related to their trajectories, velocities and
accelerations, in order to successfully navigate into a roundabout
while interacting with human driven vehicles. A reinforcement
learning process is carried out, with the aim of defining a policy
able both to drive safely CAVs into the roundabout and to
optimize the traffic flow.

Managing road intersections has always been a challenging
task as they represent bottlenecks in the road network. Their poor
management can produce road congestion and increase travel
time, emissions and fuel consumption [2]. In the last decades,
roundabouts have drawn particular attention because, thanks to
their design, they can be crossed by drivers avoiding the need for
a complete stop and allow to reduce the number of conflict points
with respect to signalized intersection, as shown in Fig.1,
decreasing the severity of crashes and nearly eliminating head-
on collisions [3].

In this scenario, connected and automated vehicles can
represent an additional improvement because they would allow
to increase driving safety, travel efficiency and passenger
comfort [5]. For these reasons, it is important to investigate the
behaviour of the connected and automated vehicles while
approaching the roundabout. Algorithms must be tested through
virtual simulations before the implementation on real roads, in
order to increase the level of safety associated to the developed
solutions.

A roundabout is currently a ‘nightmare’ for engineers
dealing with automated driving [6]. Actually, automated cars get
often stuck in roundabouts as they are unable to keep the accident
risk at the needed minimum level [7, 8]. As a consequence, the
roundabout becomes a -or ‘the’- bottleneck for connected and
automated cars to be introduced on the market. Despite the many

technical challenges related to the negotiation of roundabouts by
automated vehicles, several benefits can be envisaged
o  Safer traffic (less accidents)
e  More efficient traffic (more fluid traffic)
e Less pollution (less vehicles stop and go at the
junction)

FIGURE 1: CONFLICT POINTS AT FOUR-LEG
INTERSECTION AND SIGLE-LANE ROUNDABOUT. CONFLICT
POINTS OCCUR WHERE LINES CROSS EACH OTHER OR JOIN

(4]

In the literature, the control approaches for manging traffic
into a roundabout can be divided, from the network architecture
point of view, into 2 main categories [9].

The first one is based on the use of a local system: a local
controller gathers all the information from the approaching
vehicles in the communication range, makes choices and gives
information back to the vehicles; this kind of architecture id
referred to as Vehicle-To-Infrastructure (V2I) communication.
Such an approach has not been considered in this study because
the management of the infrastructure is expensive and complex
from the data management point of view.

The second category is based on a multi-agent system: in
this case, the decision-making agents are directly the vehicles
involved in the intersection area; this approach exploits the so
called vehicle-to-vehicle (V2V) communication. Such a direct
connection between vehicles suffer of the Non-line-of-sight
(NLOS) problem and of the multi hop communication between
distant vehicles so does not seem to provide an efficient data
exchange for our scenario and is not considered in this research.

Another way to categorize the different algorithms referring
to V2X depends on the objective function taken into account [9].
We can have reservation-based algorithms, or trajectory-based
algorithms. Both of the two kinds of algorithms are not taken into
account in our study due to their complexity and depending on
propagation conditions; those conditions affect the control of the
real time motion of automated vehicles. This gap is evident, in
[10], where an approach is proposed to make automated vehicles
navigate the roundabouts. The formation of vehicle platoons is
studied (platoon control strategy is a tricky question, addressed
e.g. in [11]). Vehicles are informed of the optimal sequence of
merging times. The main drawback associated to the use of this
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approach is that once platoons are formed, the gaps between the
vehicles are very small, so any communication delay can
produce a detrimental effect and lead to potential collisions.

Due to the complexity of the scenarios and the number of
vehicles involved, an innovative approach based on V2N2V
(Vehicle-to-Network-to-Vehicle) communication through the
MEC/Edge nodes has been approached, leveraging the features
of 5G networks to guarantee the quality of service required in
this context.

To drive CAVs into the roundabout a multi-agent
reinforcement learning algorithms has been used. Here we
briefly introduce -for the sake of the reader- the Reinforcement
Learning (RL) framework, by summarizing the basic concepts,
the relevant literature, and some details on the algorithm
employed in our scenario.

RL is a field of Machine Learning inspired by natural
learning mechanisms, where animals adjust their actions based
on rewards and punishments received from the environment. The
classic RL setup is composed of an actor (or agent) that interacts
with the surrounding environment, choosing at every instant of
time which action to do. The objective of Reinforcement
Learning algorithms is to train the agent, for it to automatedly
learn the best behavior to maintain in the environment, given
specific problem-dependent goals [12]. Based on such idea, an
RL system uses a reward function to generate the stimuli from
the environment to the agent associated with each state-action
couple. The agent is modeled as a policy function, mapping each
state perceived by the agent into the space of possible actions
that the agent can take. The goals to be achieved by the agent are
represented instead by a value function, approximating the long-
term gain that an agent is supposed to collect starting from a state
(or a state-action couple). Based on the presence (or lack thereof)
of a formal model of the environment, RL approaches are divided
into model-based and model-free. Model-based RL approaches
can investigate prospective scenarios and situations before they
are encountered, by using the model to provide a simulated
experience, predicting the next state and reward, given a specific
state-action couple. On the contrary, model-free methods learn
from experience matured by direct interaction with the real
environment [13].

The model-based RL approach is known to present
difficulties when applied to traffic systems, due to issues in
modeling large-dimensional state spaces. Additionally,
representing real-world problems as fully observed models is
prohibitive in most cases. On the other hand, in recent years the
data-driven model-free RL framework has been used in many
works to optimize traffic management [14, 15], considering
different states perceived by the agent, actions, and reward
functions. Examples of possible states are the length of the queue
to represent the state of the traffic congestion [16, 17, 18], the
position of the vehicles with respect to the stop line, and its
relative speed [19, 15]. In the literature, commonly used reward
functions are for instance the length of the queue [17, 20], the
average delay [14, 21], the cumulative delay [22, 23], the vehicle
staying time [15], or sometimes a combination of indices, as in
[20], where a weighted sum of the length of the queue, the

vehicle delays, the average waiting time, the light switcher state,
the number of vehicles and the total travel time of each car is
employed. Significant results have been obtained by employing
RL techniques in the field of adaptive control of traffic signals to
optimize both single intersections [15, 22, 23, 20] and multiple
crossroads scenarios [24, 21, 25, 26]. In [16] it is shown that,
after training an agent over a single intersection scenario, the
obtained insights are beneficial in order to manage multiple
intersections. In [18] a Multi-Agent Reinforcement Learning
(MARL) framework is proposed to coordinate the potentially
conflicting goals of the agents. The roundabout scenario is as
well considered in the literature as a benchmark. RL and Deep
RL are employed to optimize the capability of artificial agents of
executing maneuvers and insertions in a roundabout, training
both single automated vehicles and multi-agent systems of CAV
in the MARL framework, i.e. [6, 27, 28]. On the algorithmic side,
most of the mentioned works use either Q-Learning [29, 30] and
Deep Q-Learning [31] algorithms to learn to assess the value
function and extrapolate the policy in a greedy or semi-greedy
way, or Policy Gradient [32, 33] algorithms to parameterize and
learn the policy function as well.

The paper is structured as follows. At first the use case is
presented. Then the real scenario is implemented into a virtual
environment in which a driving simulator is used. In particular,
the SUMO software is introduced together with the RL-learning
algorithm which defines the optimal policy to drive CAVs into
the roundabout. Finally first investigations on the traffic flow
into the roundabout are performed with a human in the loop to
assess the driver/passenger comfort during automated driving
into a roundabout.

2. AI@EDGE PROJECT: USE CASE ON RUNDABOUT

TRAFFIC WITH AUTOMATED VEHICLES

Following the V2N2V approach, specifically developed in
the AI@EDGE project, a MEC/Edge node is installed ideally in
the centre of the roundabout. It receives data about position,
speed and acceleration from all the vehicles involved in the
scenario, i.e. by both conventional and automated ones. By
means of the Al algorithm, the MEC/Edge node defines the
speeds of each automated vehicle, with the aim to obtain a safe
traffic flow and a reduction of the air pollution due to vehicles’
movement. The MEC/Edge node sends via 5G to the automated
vehicles the instructions to accelerate or to brake. We made the
hypothesis that the non-automated vehicles, i.e. the ones simply
driven by humans, just send data (position, velocity acceleration)
to the network but they do not receive any data to control their
respective speeds.

In this scenario, vehicles will exchange data among them
without relying on a broadcast from an infrastructure authority,
basing their decision on a shared policy defined by an Al policy
executed at the edge server.

The future non-human driven cars, i.e. CAVs, will share the
road with human driven cars. We consider this complicated case,
focusing on 20% and 80% market penetration of automated
vehicles. Not only vehicles in the roundabout, but also all
vehicles approaching the roundabout are connected with the
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network, i.e. the MEC/Edge node gets the position, velocity and
acceleration of each vehicle. A 5G telematic box on board of the
car does the job of exchanging data. As addressed above, non-
human driven vehicles both receive and transmit data.
Conversely, human driven vehicle(s) just provide their data but
do not receive any information. The driver cannot be bothered
and so he/she drives according to his/her wish.

The performance levels requested to the mobile network by
this application must provide low latency and high reliability and
represent a core challenge that goes beyond current 5G design.
The AI@EDGE project [1] aims to overcome such limitations
and to provide data exchange at the required latency. This will
allow the execution of the Al policy, able to manage a big
number of vehicles.

Such a complex scenario should be extensively tested with
human drivers in the loop. Real world tests are clearly
prohibitive in terms of availability of a large number of
automated vehicles and, most important, for the safety issues
related to the presence of human drivers. On the other hand,
purely simulated tests in a completely virtual environment
cannot represent the human behaviour when human drivers have
to interact with automated vehicles.

In this context, the use of a driving simulator seems a viable
way to perform such kind of investigations. A dynamic driver
simulator can guarantee to test the Al policy in a safe
environment, avoiding the risks connected to real traffic and the
possibility of congestion and accidents. Secondly, the use of a
driving simulator reduces the costs related to the experimental
set-up: in fact, it is possible to simulate any number of
autonomous vehicles in the scenario and explore different
situations simply modifying the parameters involved in the
simulations, thus avoiding the costs related to experimental
equipment in a real environment. Finally, the use of a simulator
ensures the repeatability of the test, as it eliminates the influences
due for examples to weather conditions or amount of traffic.

Among the many challenges posed by this use case, multi-
sensors data synchronization is certainly one of the biggest, i.e.
how to handle such a variety of data sources and how to
synchronize them. The accuracy of time synchronization indeed
is expected to affect the vehicle control’s safety; so handling the
sensor data with different frequency and timestamp accuracy
remains a very big challenge.

To support such scenario, a real-time data processing
coming from various sensors is required. So, powerful
computing hardware is essential and, for this reason, different
HW acceleration solutions are considered, along with
experimentation and comparison of different HW acceleration
equipment like e.g Graphic Processor Unit (GPU), Digital Signal
Processor (DSP), Field Programmable Gate Arrays (FPGA),
Application-Specific Integrated Circuit (ASIC) etc.

In order to integrate so many different technologies and
multiple different equipment, together with the innovations
brought by AI@EDGE project, strong systems integration
capabilities are needed too.

3. HARDWARE: SETUP AT THE DYNAMIC DRIVING

SIMULATOR

The test are carried at the DriSMi laboratory of Politecnico
di Milano [34]. The laboratory is equipped by a high fidelity last
generation cable driven driving simulator. The driving simulator
is depicted in Fig.2 and its performance are summarized in Table
1. More details on the driving simulator can be found in [35].
The traffic scenario is generated thanks to a co-simulation
between SUMO (Simulator of Urban MObility [36]), which is
used as traffic engine, and VI-WorldSim [37], that simulates the
motion of the vehicle driven by the human in the loop and allows
to have a graphical representation of the traffic scenario. SUMO
is in charge of the simulation of all virtual vehicles in the
roundabout, comprising virtual human driven vehicles and
virtual non-human driven (CAVs) vehicles. SUMO receives the
data pertaining to the car driven by the human in the loop (called
ego-vehicle) from the driving simulator through VI-WorldSim.
The current position of all simulated vehicles is fed to VI-
WorldSim which is in charge of all the graphical environment of
the driving simulator, of the interface with the human in the loop
and of the simulation of the motion of the ego-vehicle
accordingly to the request of the real human driver.

FIGURE 2:
LABORATORY OF POLTECNICO DI MILANO

DRIVING SIMULATOR AT DRISMI

All of the simulations are performed in real time and the
corresponding data are stored in a real time database. The human
in the loop drives the vehicle from the cockpit of the driving
simulator, which moves accordingly to the simulated motion of
the ego-vehicle. The cockpit is equipped with a telematic box.
The telematic box is connected to the CAN bas of the cockpit,
reads the dynamic data of the car, and transmits them to a 5G
radio platform. The 5G radio platform transmits the data to and
from a edge server and is controlled by a NUC where the
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advanced services developed in the AI@EDGE project are
installed. Finally, the edge server hosts the Al in charge of the
policy which is used to control the connected automated vehicles
simulated by SUMO.

TABLE 1: DRIVNG SIMULATOR DATA

Physical quantity Values
Platform size 6m x 6m
Visual system (H) 270°
Visual system (V) 90°
Degrees of freedom 9
Longitudinal acceleration of the base | 1.5¢
Lateral acceleration of the base 15¢g
Vertical acceleration of the cockpit 259
Longitudinal travel 4.2m
Lateral travel 4.2m
Vertical travel +298 mm
Yaw angle +62°
Roll angle +15°
Pitch angle +15°

4. 5G AD ROUNDABOUT TRAFFIC

In the proposed scenario, the role of the 5G network is
central in allowing an efficient low-latency and reliable data
exchange, both uplink, i.e., from the connected vehicles to the
edge servers where the Al algorithms run, and downlink, i.e.,
from the edge servers to the CAVs. A key feature of the
experimental setup is the deployment physically very close to the
edge servers of a 5G radio access point (a base station) and of a
dedicated distributed 5G User Plane Function (UPF). In
particular, the UPF is part of the 5G Core Network, and it has the
role of forwarding traffic between the base station and the
MEC/Edge node. Having the UPF positioned at the edge of the
5G network, very close to the so-called User Equipment (the
telematics boxes of the connected vehicles) and the radio access
point, enables traffic localization: all the user data is maintained
local within the roundabout and its surroundings, and it does not
flow through remote locations before reaching its destination, as
would happen instead with a centralized non-dedicated UPF.
From the point of view of the quality of service, this enables low
latencies and supports the efficiency of V2N2V
communications; from the network perspective, this also reduces
the impact of the considered services on the transport network,
preventing relevant amounts of data to be uselessly forwarded
throughout it. The UPF of the proposed testbed is fully
virtualized and deployed as a virtual machine over a common-
off-the-shelf server.

4.1 SUMO

SUMO is a software which allows to simulate several traffic
scenarios, such as intersections and roundabouts, in order to
understand how the vehicles interact in different situations [36].
It gives the possibility to modify the parameters related to driver

behaviour, so it is possible to simulate both human driven
vehicles and connected and automated ones in the same traffic
scenario. In addition, it is possible to include in a SUMO
simulation also externally controlled vehicles (i.e. vehicles
driven by a different traffic engine or by a human driver) which
can interact with the vehicles simulated by SUMO.

An important hypothesis is that CAVs driving skills can be
well simulated by mimicking the human skills. Actually, in our
simulations we will start the reinforcement learning algorithms
by introducing a IDM (intelligent driver model) [38].
Additionally, the X-by wire controls are ABS (Antilock Braking
System), ESP (Electronic Stability Program) and AEB
(Automated Emergency Braking) only [39].

4.2 Reinforcement Learning to define roundabout
traffic

In this work, we use SUMO as simulation environment and
we consider a mixed-drivers scenario: the roundabout is
simultaneously occupied by a set of individual drivers controlled
by SUMO itself, representing human drivers, and by a group of
CAVs, controlled by a policy trained using RL techniques and
deployed at the edge. Each AV independently decides at every
instant which action to take, specifically the next value of
acceleration to actuate and a discrete decision on changing
line/maintaining the current one, based on the trained policy.
Such decision is based on the agent individual state, built from
past acceleration values and past change-line decisions. The
policy is trained using Proximal Policy Optimization (PPO) [40],
a Policy Gradient RL algorithm that simplifies the Trust Region
Policy Optimization (TRPO) algorithm [41]. TRPO, in order to
improve training stability, carries on a constrained optimization,
enforcing a trust-region constraint expressed by a Kullback—
Leibler divergence [45] on the policy update, with the rationale
of taking the largest step possible to improve performance, while
satisfying a special constraint on how close the probability
distributions of old and new policies are. TRPO is quite
complicated to implement, and the necessary constrained
optimization might be expensive. PPO solves these aspects by
substituting the hard constraint of TRPO with a penalty in the
objective function.

4.3 First tests with a human in the loop in mixed traffic
conditions in a roundabout

We have investigated whether the RL framework has been
able to define a behaviour policy for CAVs running into a
roundabout which is acceptable and applicable. The driver -
which is in the loop- is used as a sensor, i.e. he/she has to check
whether it is possible to drive safely and comfortable when CAVs
run -together with other human driven cars- into the roundabout.
Our target is to understand if the tested policy is somehow
appreciated by the drivers and if it is perceived as safe and
comfortable or not.

As we mentioned, the goal of our RL solution is to help AV
make decisions to minimize the time needed to go through the
proposed roundabout. To measure the goodness of our trained
policy, we measure the average time needed by a vehicle to go
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from any entrance to any exit. Given a simulation of 400 seconds
with a given percentage of AV and »n vehicles vy, v, ..., v, We
associate to each vehicle a timestamp when it is entering (t,ﬂ’i‘)
and when it is exiting (t,‘,’i“t) the roundabout. The average time
is then computed as

s (eQut_tin
u(e) = 2O (1)

n

The results obtained are reported in Table 2:

TABLE 2: AVERAGE TRAVEL TIME AS A FUNCTION OF
AV MARKET PENETRATION RATE

AV percentage u(t) 2s]
10 6.33
20 6.27
30 6.18
40 6.11
50 5.88
60 5.26
70 4.73
80 4.72
90 4.69
100 4.66

The tested scenario referred to a three-legged single-lane
roundabout. Since the roundabout was small, the manoeuvres
inside it were very quick. In order to give the possibility to the
testers to have a full overview of the situation, every driver
approached the roundabout one time per each leg. He/she waited
his/her turn to enter into the circulatory roadway, then he/she
took the second exit. This choice allowed the driver into the
circulatory roadway to cross another entry flow and to observe
the behaviour of the approaching vehicles. The manoeuvres were
repeated 2 times, once with 20% of automated vehicles and once
with 80% of CAVs. The participants to the test were not
previously informed on the presence of automated cars. This was
done in order to investigate whether the driver was able to
perceive a difference between the two mixed traffic scenarios i.e.
when the simulated market penetration of automated cars was
20% or 80% of the total.

FIGURE 3: SCENARIO WITH VEHICLES INSIDE THE
ROUNDABOUT

There were 40 vehicles in the traffic scenario, 39 of which
were simulated and the other one was driven by the human seated
in the cockpit of the driving simulator (Fig.2). The automated
vehicles were controlled through the RL behaviour policy,
trained by means of reinforcement learning with the objective to
minimize the travel time associated to the roundabout. The non-
autonomous cars were controlled directly by SUMO, using IDM
car-following model, with the aim to reproduce human
behaviour as faithfully as possible. The tests were carried on
twelve people, whose data regarding age and driving experience
are reported in APPENDIX A. At the end of the test, they were
informed on the mixed traffic environment they drove in. They
were asked to answer some questions. The results obtained are
shown in the following tables.

TABLE 3: ANSWERS ASSOCIATED TO TRAFFIC
SMOOTHNESS
Regarding traffic smoothness, which of the
following statements do you agree with the
most?
Traffic in the scenario with 20% of CAVs was 0
definitely smoother than in the scenario with
80% CAVs
Traffic in the scenario with 20% of CAVs was 4
partially smoother than in the scenario with
80% CAVs
Traffic in the scenario with 20% of CAVs was 5
partially less smooth than in the scenario with
80% CAVs
Traffic in the scenario with 20% of CAVs was 1
definitely less smooth than in the scenario
with 80% CAVs
1 did not perceive differences 2

Number of
answers

TABLE 4: DATA RELATED TO SAFETY PERCEPTION

Regarding safety perception, which of the | Number of
following statements do you agree with the answers
most?

In the scenario with 20% of CAVs, I felt 1
definitely safer than in the scenario with 80%

CAVs

In the scenario with 20% of CAVs, I felt 2
partially safer than in the scenario with 80%

CAVs

In the scenario with 20% of CAVs, I felt 3
partially less safe than in the scenario with

80% CAVs

In the scenario with 20% of CAVs, I felt 0
definitely less safe than in the scenario with

80% CAVs

1 did not perceive differences 6

6 © 2023 by ASME



TABLE 5: INFORMATION ON THE GLOBAL

PREFERENCE OF THE DRIVERS

Globally, which of the 2 scenarios did you | Number of

prefer? answers

I definitely preferred the scenario with 20% 1

CAVs with respect to the scenario with 80%

CAVs

I partially preferred the scenario with 20% 2

CAVs with respect to the scenario with 80%

CAVs

I partially preferred the scenario with 80% 4

CAVs with respect to the scenario with 20%

CAVs

I definitely preferred the scenario with 80% 2

CAVs with respect to the scenario with 20%

CAVs

I cannot say which scenario I preferred 3

As it can be observed in Table 3, there is a slight trend to
prefer the scenario where 80% of traffic actors were automated
cars. This might mean that an improvement in terms of traffic
flow can be perceived by the people in case of increased fraction
of CAVs. From the data collected in Table 4, it is possible to see
how the feeling of safety is generally not affected by the market
penetration rate of automated vehicles. In fact, most of the
participants did not feel any difference from this point of view,
comparing the situations with the two different percentages of
automated cars. This can indicate that the increment in the
amount of CAVs does not bother the human driver in his/her
usual actions. Finally, the answers to the question reported in
Table 5 give encouraging insights on the global interaction of
traditional human-driven vehicles with automated ones. In fact,
most of the people said to prefer the scenario where 80% of the
cars were automated.

Obviously, more extended investigations would be needed,
particularly more people should be involved in a statistical
analysis able to provide reliable results. The results indicate just
a possible trend in the preferences of the participants, but they
cannot be considered a final assessment.

The study is intended to proceed further. The test can be
improved considering more vehicles running into the roundabout
and refining the behaviour policy defined by the RL algorithm.

5. CONCLUSIONS AND FUTURE WORK

The aim of the paper was to assess how the traffic of
roundabouts could be organized in the future. Two mixed traffic
scenarios were investigated, namely 20% or 80% presence of
connected and automated vehicles (CAVs) was considered. The
CAVs dynamic behavior into the roundabout was defined after
an artificial intelligence (AI) algorithm was used, based on a
multi-agent reinforcement learning (Q-learning) scheme. Such a
scheme aims to reduce the time vehicles pass through the
roundabout. The dynamic behavior policy has been defined by
resorting to SUMO, an open software particularly suited to
simulate traffic flows driven by Al policies. All of the cars
running into the roundabout are assumed to share information on

kinematics data (position, velocity and acceleration) via 5G
communication. A vehicle-to-network-to-vehicle (V2N2V)
innovative approach has been introduced. It is based on a single
MEC/Edge node, positioned at the roundabout centre, and
leveraging the features of 5G networks to guarantee the quality
of service required in this context.

The theoretical simulations show that, beside the latency
proper of 5G, the Al algorithm is able to improve the traffic into
the roundabout either when the cars are 100% CAVs or 80% or
20%.

By means of a dynamic driving simulator, a real human
driver has been put in the loop of the simulated traffic of the
roundabout, as mentioned, 20% or 80% presence of connected
and automated vehicles (CAVs) was considered. The human-in-
the-loop is needed to check whether the driver feels comfortable
and safe while driving in presence of automated cars.

Twelve people drove into the driving simulation
environment. The preliminary results deserve an extensive
statistical investigation for a final assessment. However, some
initial results may be presented.

Drivers seem not worried when they interact with CAVs into
the roundabout. They seem preferring to share the roundabout
with CAVs as they seem feeling the traffic to be more fluent.

In this paper, roundabout traffic is studied utilizing different
sensing inputs by simulation. The interesting results might
contribute to the development of new intelligent transport
system. In order to do that, some aspects could be further
investigated in the future.

Thanks to the use of simulations, it is possible to guarantee
the repeatability of the setting and to compare the results
obtained. The weather may affect drivers’ visibility. The
influence of this aspect on test results could be investigated in
future researches, reproducing different meteorological
conditions.

Once the safety and the acceptability of CAVs behavior has
been assessed, the policy can be tested on real cars in dedicated
proving grounds. This could be a further step to validate the
system, still reducing the risks connected to accidents and
collisions.
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