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ABSTRACT

As smart connected vehicles become increasingly common and pave the way for the autonomous
vehicles of the future, their ability to provide enhanced safety and assistance services has improved.
One such service is the emergency transport of drivers in medical distress: as a positive solution
of the distress is typically more likely after timely response, an autonomous vehicle could cut on
emergency response times, and thus play a key role in saving the life of its driver.

In this paper, we show how such an autonomous emergency transport service can be run from
a wireless cellular network, and discuss the importance of having a human in the loop in order to
expedite driving. We present a Monte-Carlo-based driver assessment system that the network can
use when selecting the most suitable candidate to wirelessly tow an autonomous vehicle with an
incapacitated driver. We show that this mechanism results in a selection policy that ensures better
cohesion between the vehicles, thereby significantly improving service reliability by reducing the
chances of disruptions by intervening traffic.

1. Introduction

The favorable outcome of a medical emergency largely
depends on the timely delivery of professional or special-
ist care [1]. The latter is however complicated when the
emergency occurs in inconvenient situations, such as while
a person drives alone. In this case, not only is the person
typically unable to properly summon help, but can possibly
represent a danger to him/herself and a safety hazard for
other road users if s/he loses control of the vehicle as a
consequence of critical medical conditions. As Connected
Autonomous Vehicles (CAVs) become progressively preva-
lent, their capabilities can be leveraged to provide much
needed emergency transport services in such situations.

A major stumbling block for this service is that it will
take a very significant time before CAVs represent the
largest majority of the circulating vehicles. In the same
vein, support from roadside infrastructure may be insuf-
ficient in some areas, requiring CAVs to make decisions
based only on local information, rather than coordinating
broadly to improve the quality of connected driving [2].
In the meantime, CAVs will share road infrastructure with
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unpredictable actors, such as human-driven vehicles and
pedestrians, that may individually decide to relax or break
road circulation rules, and may thus represent an additional
source of danger. Moreover, it may not always be feasible
for CAV sensors to correctly read road signs in all condi-
tions [3]. These aspects greatly complicate the decision-
making processes of a CAV, and represent a significant
obstacle towards promptly solving an emergency scenario.
Whereas human drivers can safely bend the rules when
a situation so requires, such intuitions are examples of
“corner cases” that are not adequately incorporated into the
training of CAVs [4].

However, if these more unpredictable decision-making
aspects could be at least partly assigned to a human driver,
it becomes possible to exploit the communication and self-
driving capabilities of a CAV to provide emergency trans-
port, while following a human-driven car that proceeds
along a desirable path leading to emergency care services.
To this end, we propose Copy-CAV, a wireless towing
service of CAVs by a human-driven connected vehicle.
By having a human in the loop, Copy-CAV essentially
simplifies autonomous driving to imitation driving, thereby
avoiding the pitfalls of the former, and especially enabling
some form of “rule bending” as CAVs imitate a flexible
human driver.

With Copy-CAYV, the lead, human-driven vehicle acts
as a guide to direct the CAV through complicated driving
scenarios which would otherwise be overwhelming for the
Al agent driving the vehicle with a driver in distress. For
the towed vehicle, it would become possible to expedite
the delivery of its occupant to emergency care by best
following the route and trajectory of its human-driven
tower. Given the centrality of the latter, a proper choice
of the candidate human driver/vehicle to be used is crucial
to the overall performance of this service. To support
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the service with effective decisions, we thus propose a
reinforcement learning driver/vehicle evaluation system,
so that the combined choice of driver and car improves over
time.

The introduction of multi-access edge computing (MEC)
has unleashed the potential of supporting connected ve-
hicles through centralized coordination services running
close to the network edge, typically in small-scale data
centers serving one or multiple 5G base station (gNBs). The
availability of computational resources at the network edge
along with the low latency provided by beyond 5G/6G NR
have proven suitable for cooperative vehicle applications
such as platooning [5, 6]. Therefore, we exploit MEC
resources to host and manage our Copy-CAV solution.
Compared to the vehicle-to-vehicle (V2V) communication
paradigm, the vehicle-to-NR (V2N) approach solves unco-
ordinated channel access issues,’ shadowing effects and
limited communication range problems.

Our contributions in this paper can be briefly sum-
marised as follows:

1. we implement and test a vehicle following system
that relies on the trajectory created by a lead, human-
driven vehicle;

2. we introduce a driving behavior metric to charac-
terise human driving;

3. we implement a driving behavior/vehicle selection
algorithm leveraging Monte Carlo Reinforcement
Learning;

4. we test the feasibility and robustness of our algo-
rithm using the established 5G network simulator
Simu5G [7] and the robust autonomous driving sim-
ulator CARLA [8].

Copy-CAV aligns with the principles of Trustwor-
thy AI [9] by having a human in the loop, by relying
on transparent features and on a clearly defined reward
function—without black-box function approximations—to
drive learning. This work enhances our previous study
presented in [10] with the following additional contribu-
tions: (i) we consider the influence of vehicle power on
driver behavior, (ii) we simulate the impact of network
communication performance (goodput and latency) on
the wireless towing service via a non-trivial interfacing
between the CARLA framework and the OMNeT++-based
Simu5G framework, (iii) we augment the reward process
to include the time taken to get the patient to the required
destination.

Notably, to the best of our knowledge, we are the first
to synchronize these two powerful simulators via a custom
API to effectively reproduce both the autonomous driving
component (through the high degree of realism found in
CARLA) and the connected vehicle communication aspects

1With the exception of LTE-V2V mode-3, which relies on cellular
infrastructure for managing radio resources.

of CAVs (through the Simu5G/OMNeT++ framework and
its capability to realistically model 5G cellular networks).
In the remainder of this paper, we discuss related work
(Section 2), describe our foreseen wireless car towing ser-
vice (Section 3), and explain the design of the reinforcement
learning-enabled lead driver selection (Section 4). We then
detail our simulation setup (Section 5) and results (Sec-
tion 6), before drawing conclusive remarks in Section 7.

2. Related work

Recent studies [11, 12] have investigated the use of
smart vehicles to continuously monitor their driver’s health,
so that mitigating actions can be taken quickly. The type
of ailments typically considered in these studies include
cardiac arrests and strokes, which tend to occur suddenly
and require immediate or as-fast-as-possible medical atten-
tion. Along the same line, driver fatigue and the consequent
lapse in focus is also considered as a road safety hazard by
the authors of [13]. These studies explore the feasibility of
leveraging connected vehicles to ensure timely responses
in the event of health emergencies. Our work provides an
example of how such monitoring systems can be exploited
to enhance health services by using capabilities of 5G and
beyond networks .

Our approach extends previous work on vehicle fol-
lowing systems, such as those on Adaptive Cruise Con-
trol (ACC) [14, 15, 16] and platooning [17, 18, 19, 6] .
These works focused on maintaining a safe distance from
a preceding vehicle, and optimizing collision avoidance
aspects in small as well as large coordinated groups of
vehicles. In contrast to platooning, in our approach the lead
and follower vehicles are not as tightly coupled by a control
law. This is crucial to ensure that the service is robust
to interruptions in road traffic by intervening vehicles
and/or pedestrians. In fact, the operating environment is
not restricted to open road scenarios, and may likely be in
a busy urban area.

Recent progress in the standardization of 5G-and-
beyond/6G New Radio (NR) are projected to enable a slew
of services requiring low latency and high reliability [20].
The latter, coupled with the rise of CAVs [21], enable
the creation of our emergency towing service that can
effectively help an incapacitated driver.

In this work, we opt for V2N as the primary communi-
cation paradigm. Although it would be possible to use V2V
instead of V2N, or V2N and V2V in combination (e.g., by
relying on V2V as a backup or fallback solution as done
for platooning control in [19]) here we restrict the inves-
tigation to V2N as the natural means to connect vehicles
and edge computing resources needed by the proposed Al
approach. V2N is also inherently safer by design, as it is
more robust and controllable by the network in light of the
network operator’s more accurate take on the operational
context of the wireless towing service. However, we plan
to consider V2V variants and extensions for future work.
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Figure 1: Illustration of wireless towing. The CAV sends an alert to the network that the driver is incapacitated. The network alerts
candidate lead vehicles in the vicinity (marked A, B, C, D). As they move towards the meeting point MP, the network service evaluates
the driving behavior and the engine power of the candidate lead vehicles, then selects one vehicle to perform the tow. When the towed
vehicle arrives at the destination (green point), the network selection agent updates its learning algorithm.

3. Wireless towing scenario and service

3.1. Wireless towing definition

Similar to the classical notion of a leading vehicle
pulling another vehicle mechanically joined to it, we define
wireless towing as the autonomous movement of a CAV
following another vehicle that precedes it along a given
route on the road. The CAV, in this case, may receive
directives from the lead vehicle itself, the network or both.
While comparable to platooning, the key distinctive aspect
of wireless towing is that the spacing between the lead and
tail vehicle is not maintained relatively constant, and in the
same vein the relative speed of the two vehicles is allowed
do depart from zero, even by a significant amount.

This fact is of great importance, because the emer-
gency towing service should be versatile enough to work
in crowded urban environments, with intervening traffic
as well as stops due to other vehicles, traffic lights, and
pedestrians. Unlike platooning, where all intervening ve-
hicles must necessarily adhere to the platoon control law
(in other words, they should be part of the platoon), in
the case of wireless towing the intervening vehicles move
independently. The service is designed to tolerate such
occurrences, since the tail vehicle is only informed about
the path it has to take, and not about how much it needs
to accelerate or brake. This choice represents a different
tradeoff point that privileges flexibility, as required to ac-
commodate a variety of road situations that may occur due
to the presence of unpredictable human actors. In fact, the
movement dynamics efficiency sought in platooning are
not the main issue in wireless towing, which concentrates
instead on the timely delivery of a driver in distress to
emergency services.

In our wireless towing approach, we employ a towing
controller (agent) that resides on the edge of the network.

This aspect is key to reduce latency and thus limit the
transmission of alerts to geographical locations close to the
CAV with the incapacitated driver.

3.2. Scenario description

The use case for emergency towing is depicted in Fig. 1.
The CAV’s sensors signal to the network that the driver is
unresponsive in a manner similar to the process defined
in [11, 13]. Upon such a detection, the vehicle sends out
an alert to the network, which reacts by establishing and
running the emergency service. In the alert, the vehicle
specifies its geographic information, model, and engine
data. The network then polls available drivers in the vicin-
ity of the target vehicle. As there may exist a number
of drivers with different capabilities, vehicles, and driving
styles, it becomes central to choose the most appropriate
driver and car to take the lead in the towing process. For
this reason, the towing service management consists of
two phases: (i) driver/vehicle evaluation phase and (ii)
performance evaluation phase.
Driver/vehicle evaluation phase: We choose to have a
short driving evaluation phase at the start, given that:

» driving behavior like any human activity is highly
variable,

« the set of responding drivers in the vicinity of the
vehicle to be towed will typically be different,

« maintaining the integrity of a highly dynamic, per-
sistent database of drivers across all edge nodes of a
network adds undesirable overhead and bookkeep-
ing to maintain the service.

The candidate lead drivers/vehicles that respond to the
poll start moving towards the target. The network con-
tinuously monitors the motion of these drivers/vehicles to
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collect metrics related to their driving style and dynamics.
After a short time interval (lasting no more than a total of
30 s) the agent at the network edge evaluates the behavior
of each responding vehicle. The network agent then selects
a candidate driver/vehicle deemed the most suitable among
the ones available to carry out the task. The rest of the
candidates are alerted of this choice and are relieved from
the service.

Performance evaluation phase: When the chosen lead
vehicle reaches the target tail vehicle, it overtakes it and
stops slightly ahead of it after confirmation from the net-
work. The network then immediately alerts the tail vehicle
to activate its towing mode, so as to follow the lead vehicle
ahead of it. The tail and lead vehicle maintain constant
communications with the network. Specifically, both ve-
hicles continuously update the network regarding their
geographical locations and speed.

When the towing process is complete, i.e., the tail CAV
has reached the intended destination, the network agent
gauges the driving experience based on the data it received
over the course of towing. The agent calculates the reward
based on two components: (i) the evolution of the spacing
between the lead vehicle and the CAV; and (ii) the time
taken to reach the destination. While the second compo-
nent is obvious, the rationale behind the first component
of the reward is that, for an effective service, the space
between the vehicles needs to be maintained small enough.
This minimizes the likelihood that other vehicles would
position themselves in between, as this would result in
delays depending on how the preceding vehicle is being
driven. Moreover, a distressed but conscious tail vehicle
passenger should not get the feeling that the wireless
towing service is leading them astray, as this event would
negatively affect the perceived quality of experience (QoE)
of the service.

The network agent will then update the corresponding
driving behavior profile with the calculated reward in its
reinforcement learning repository. As the service is repeat-
edly used, the learning agent will observe more towing ex-
periences, and will accrue additional observations. Thanks
to such experiences, the agent progressively develops alead
driver/vehicle selection policy. Following such a policy, the
agent will improve the selection of the most suitable lead
driver and vehicle over time. In due course, after the policy
stabilizes, the network agent will consistently select the
candidate leader with the driving behavior that exhibits the
best spacing discipline and transport time, hence the best
service quality.

4. Design of lead driver/vehicle selector

As stated earlier, we leverage Monte-Carlo reinforce-
ment learning [22] to create our driving behavior evalua-
tion and selection algorithm. The objective of the selector
is to choose a lead vehicle and driving behavior that best
matches the response of the CAV. The latter will ensure
a smoother towing performance, a higher likelihood that

Figure 2: Tow controller(agent) State and Action Spaces. The
driving behavior indicator (y) and vehicle power ratio, (1), con-
stitute the state space. The action space is represented by the red
and green colored cells. The green cells represent candidate lead
vehicles (labelled |) which are less powerful than the vehicle to be
towed. The red cells are candidate lead vehicles (labelled 1) with
the same or higher engine power as the vehicle to be towed.

the lead and tail vehicle move cohesively throughout the
required route, ideally with no intervening vehicle getting
between them, and will reduce the time required to get the
tail vehicle to the intended destination. In particular, we
characterize the environment through two state variables:
a driving behavior indicator y that captures the behavior
of the candidate lead driver, and the ratio # between the
engine power of the lead and tail vehicles. The state and ac-
tion spaces are shown in Fig. 2. With respect to this figure,
in the presence of several options for driver behaviors and
engine powers, those where < 1 (i.e., the engine power
of the lead vehicle is less than that of the towed vehicle)
are represented as green cells, whereas those for n > 1
are represented as red cells. The action space includes all
colored cells, corresponding to prospective lead drivers that
are available in the proximity of the vehicle in distress.
When the alert is received, a candidate lead vehicle
sets up a path to the position of the target vehicle, and
starts reporting data that the decision agent can use for
motion monitoring and lead vehicle selection. The path that
the candidate lead vehicle follows is constituted by many
waypoints at regular intervals, which dictate the movement
of the vehicle to the meeting point. Let X; be the sample
speed at waypoint j, a}% the empirical variance of the set
of speed values evaluated across all waypoints, X the mean
speed between waypoints and W the number of waypoints
until the meeting with the vehicle to be towed. Then,

2= > (- %), M

Jjew
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Figure 3: Integrated simulator setup with OMNeT++ and CARLA. We make use of the Simu5G framework for network simulation and
implement a CARLA-OMNeT++ API that bridges the C++ environment based on OMNeT++ with the CARLA client. This enables the
two simulators to work in tandem, and introduce Simu5G’s realistic networking aspects into the driving environment of CARLA.

and, y is given as:

(/EWJ \/7)2‘

WZ]EW /2 3

The first term of Eq. (2) is the fairness index [23] of
speed across all waypoints, and the second term accounts
for the standard deviation of the speed waypoints nor-
malised according to the 3¢ empirical rule [24]. To obtain #,
we use the ratio between the maximum revolutions per
minute (RPM) that can be reached by the candidate lead
vehicle and the target vehicle to be towed. Specifically, we
define

(2)

N _ MaxRPMcandidale (3)
rpm MaxRPMmge; ’
Rrpm’ if Rrpm <10,
. (@
1 , otherwise .
rpm

We remark that the above definition is not ambiguous
because we preliminary subdivide the state space in two
portions including more powerful and less powerful lead
vehicle choices than the towed vehicle (see also Fig. 2). This
makes it possible to make Eq. (4) bijective across each of the
sub-spaces of the state space.

In order to keep the state space small, we quantize y
to 10 levels O, ...,9. We similarly quantize 5 to 5 levels
0,...,4. For this, we employ a uniform quantizer: other
choices are possible (e.g., with finer sampling over the
interval of behaviors and engine power ratios that rep-
resent most of the drivers and vehicle). However, these
settings would be location-dependent (e.g., more powerful

vehicles may be more common in rich cities than in rural
neighborhoods), as well as population- and time-dependent
(e.g., at nighttime both very prudent and very aggressive
driving behaviors may appear). By way of contrast, we seek
a general approach, that works independent of the context.
We update the state values using the following modified
update:

V(S) < i A+ (k — DV(S)] . )

where A = R+ (y — DV(S), y £ 1.0 is a discount
parameter, k > 1 is the number of times the agent was
in state .S, and R is the reward at the end of the episode.
Note that we used a modified update formula in Eq. (5),
because it would be impossible to consider the simple
reward R otherwise. In fact, the state values are updated
at the end of a learning episode, and the lead driver and
vehicle selected in a previous episode have no bearing on
the current episode. The reward value, R, is calculated as

tidon] — 1 median(|x; — X; 4ea1])
R = w, ideal tow w | i 1dea1| (6)

X 9
fideal Xideal

where x; is the spacing between the lead car and target
tail Vehlcle taken at regular intervals, x;4., is the desired
spacing that should be maintained between the lead and
tail vehicle, #,4., is the empirical optimum emergency
transport time [1] that provides for favorable outcomes and
tiow 1S the actual towing time. Additionally, the weights
w; and w, are used to nudge the selection algorithm to
choose options that perform better as regards towing time
or spacing respectively. We use equal weights to give equal
importance to both in the eventual policies. Thus greater
rewards are assigned to towing outcomes where both the
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vehicle spacing and the time taken to complete the towing
are closest to the prescribed ideal value. While it may be
tempting to reward faster towing realizations we remark
that this would promote excessively aggressive behavior,
which may yield a very uncomfortable experience for the
driver in distress. In any event, different settings of #;4.,
and Xx;4., are still possible based on the readings of the
vehicle about the distressed driver’s state of health (e.g.,
heart issues may mandate shorter towing times than less
critical losses of consciousness). The controller also notifies
the lead vehicle, to slow down, when its spacing goes above
2X;4eq thereby limiting the adverse effects of aggressive
driving behaviours.

For the present setup, we set x;4.,; = 10 m, as proposed
in [6], and t;4., = 240 as specified in [1]. Note that, for
the second term of Eq. (6), we use the median value of the
deviation, and not the mean as in our previous work [10].
This choice makes the reward value more robust to out-
liers, which are likely to occur under the ever-changing
and highly variable conditions of typical road traffic. This
choice also helps speed up policy convergence.

At the start of each episode, we use e¢-greedy selection
to choose the lead car and driving behavior option. Since a
given driving behavior and vehicle combination may occur
with greater frequency than others, we prevent bias in the
policy by setting a threshold for the number of significant
visits a state can have. If the number of visits to a state
exceeds the threshold, further visits to the state do not
reduce the corresponding e value, thereby ensuring that
randomness persists in the selection process. If for a given
set of available options (candidate behavior/vehicles) all
states have reached this threshold, then € = ¢, for all
states, and the selection agent acts according to policy with
probability 1 — e,

We also employ the weighted fair exploration mech-
anism presented in our previous work [25] to improve
the trade-off between exploration and exploitation. The
mechanism can be briefly summarized as follows. At the
k™ episode, if the option yielding the highest reward(after
k — 1 episodes) is not selected, the probability Pl(k) of
selecting any of the L options available depends on their
value function Vl(k)(S ) and the number of times ngk) that it
has been previously selected. Specifically, we set

T for ¥ = 0
PP =3 wH(1 — tanh ¢!V © (7)
T B TR for‘Pl >0,
ijl ‘I‘j 1 —tanhq&j )
where
L
v =P+ Y [ ),
= ®)
(k)
o0 =l
[ k

5. Simulation setup

We implement the towing service as a coordinated dis-
crete event simulation with complementary simulations on
OMNEeT++ and CARLA running simultaneously and con-
currently, as shown in Fig. 3. CARLA simulator is designed
for autonomous driving research and provides develop-
ers with a full-fledged set of APIs for modeling, sensing
and controlling detailed physical environments. It is built
on top of the Unreal Engine? which offers a remarkable
level of physical and graphical realism. Unlike SUMO [26],
which only provides standard car-following models and
basic engine-braking system simulation, CARLA includes
sophisticated models of a vehicle’s physical dynamics and
a wide set of realistic and customizable driver profiles. Fur-
thermore, it is specifically designed for autonomous driving
simulation, supporting the creation of a realistic context
and providing onboard sensors (e.g., cameras and LIDAR)
suitable for testing Al-assisted autonomous driving. How-
ever, CARLA does not model any kind of networking tech-
nology. On the contrary, OMNeT++ provides a complete
set of features and frameworks to simulate networks in
detail but lacks built-in realistic vehicular mobility models.
We thus aim to extract the best that CARLA and OM-
NeT++ can offer by coordinating their execution through
some custom Application Programming Interfaces (APIs)
specifically designed for this purpose. As a preliminary
step, we configure CARLA to work in synchronous mode.
This makes it possible for OMNeT++ to control CARLA’s
progress by enforcing OMNeT++’s own principal clock. We
also use standard 5G network elements provided by the
Simu5G [7] framework to faithfully mirror how the service
would work in the real world.

The interaction between the two simulators is realized
through a message-oriented middleware in charge of dis-
patching JSON-formatted messages® between OMNeT++
and CARLA. This solution is inspired to the approach
adopted by the Veins [27] framework, which implements
the binary Traffic Control Interface (TraCI) of SUMO and
the communication between OMNeT++ and SUMO is re-
alized through TCP sockets. However, we design the com-
munication relying on high-level messaging libraries such
as ZeroMQ, rather than basic TCP sockets, and use the
JSON message format, which allows us to easily extend
and customize the set of APIs according to the specific sce-
narios. This solution decouples the implementation of the
two simulators, and gives us the opportunity to develop the
CARLA counterpart of the cross-simulator interface using
a more flexible programming language such as Python.

In CARLA, we istantiate three types of actors: candidate
lead vehicles; the tail vehicle; and other road traffic. For
this purpose, we create a custom mobility module (dubbed
CarlalnetMobility) that works with our custom APIs. The

Zhttps://www.unrealengine.com/

3In the context of the co-simulation framework, the messages ex-
changed between OMNeT++ and CARLA are meant for event clock
synchronization and for reading data/sending commands from/to CARLA.
Application layer messages are entirely modeled in OMNeT++.
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latter provides updates on the positions of these elements
as they move in the CARLA environment so that their
movements can be mirrored in the OMNeT++ environment.

For the lead vehicle, we implement behavior agents
which build on CARLA’s basic driver agent. This allows us
to emulate different driving styles for different simulated
human drivers. We supply the destination coordinates to a
method of the behavior agent, which leverages the CARLA
world object (with its global view of the map) in order
to generate waypoints to the specified location. The lead
vehicle sends its instantaneous position and bearing to the
network at regular intervals. These data constitute way-
points, which must be transmitted to the tail vehicle so that
it can follow them and thus trace the path of the lead vehicle
to the final destination of the wireless towing service. To
this end, we implement a custom follower navigation agent
that tracks the motion of the lead vehicle. In order for
the tail vehicle to smoothly follow the lead vehicle, we
leverage the trajectory pruning algorithm proposed in [28].
We remark that our model of application layer messages
is very general and more focused on payload size and
sending frequency, rather than a specific message format.
However, given the characteristic mentioned above, the
application layer messages can be implemented using stan-
dardized ETSI Cooperative Awareness Messages (CAMs).
The source code of the co-simulation library is available*

For each candidate lead vehicle, we specify a be-
havior agent exhibiting a given driving behavior: Extra-
cautious (EC), Cautious (CS), Normal (NL) and Aggres-
sive (AG). The characterisation of each is given by the
parameters in Table 1: a more aggressive driver is more
likely to drive near the speed limit, brake harder and more
suddenly, as well as keep smaller safety distances. We
remark that these are basic behavioral characteristics from
which a driving behavior indicator y can be derived based
on external observations of speed evolution and variance,
as explained in Section 4.

Specifically, the value of y is determined for each can-
didate vehicle using Eq. (2), where data readings come from
a 30 s behavior evaluation period. Conversely, # is readily
available by comparing the engine power of the vehicle in
distress and of the candidate lead vehicle. The model of the
lead vehicles are randomly selected from a set of 10 real
world vehicle models available in the CARLA library. We
choose Tesla Model 3, from this set, to be the tail CAV. Based
on y and 7, the decision agent applies its learned policy to
select one of the cars/driving behaviors.

The selected car is the signaled to proceed to an agreed
meeting point (MP), usually corresponding to the location
of the vehicle to be towed, and shown in Fig. 1 as a
grey circle. Given that the random number generator is
seeded differently in each simulation run, behaviors are
not completely deterministic, and may vary from round to
round. Therefore, one behavior may map into a different
indicator in a subsequent simulation. This reflects the fact
that human drivers do not drive exactly in the same way

*https://github.com/carlanet

Figure 4: Simulation scenario with the map of the road and
the location of the main communication network items. The red
triangles represent the initial positions of the candidate lead ve-
hicles before they respond to the towing alert from the network.
The square represents the tail CAV with a driver in distress at the
meeting point. The blue pin placeholder represents the intended
towing destination. The sizes of the gNodeBs and vehicles have
been exaggerated and the rest of the intervening traffic present
in the simulation has been omitted for clarity.

Table 1
Driving behaviours of the lead vehicle

EC CS NL AG
Max. Speed [km/h] 30 40 50 70
Deviation from Speed limit [km/h] 10 6 3 1
Braking level [km/h] 15 12 10 8
Sudden braking time to collision [s] 5 3 3 3
Distance to object before avoidance [m] 15 12 10 8
Emergency braking distance [m] 10 6 5 4

each time. The indicator y still makes it possible to cover
the resulting ample spectrum of behaviors. Table 2 gives an
overview of other key simulation parameters.

The overlay of the 5G network in OMNeT++ over
the road network in CARLA is shown in Fig. 4. During
the simulation, the vehicle positions, speed and power
in CARLA are sent to the corresponding OMNeT++ car
elements through our custom APL The OMNeT++ vehicle
elements then communicate to the 5G network elements
and receive packets from the network which are then
passed back to the CARLA actors through the API. In this
way, the network service in OMNeT++ performs driver
evaluation, and the decision regarding the selected lead
vehicle can be communicated back to CARLA. Similarly, for
the performance evaluation phase, the server in OMNeT++

Ayimba et al.: Preprint submitted to Elsevier
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Table 2
Simulation Parameters

Parameter

Value

Path loss model

Car UE transmit power

Car UE antenna gain

gNodeB antenna gain

gNodeB height

gNodeB transmit power

gNodeB scheduling discipline

Size of uplink and downlink packet
Block error rate

Handover latency (per vehicle)
Lead Vehicle reporting frequency
Number of intervening traffic (n)
Ideal spacing between lead and tail x;4.,

Ideal emergency towing time #;3.,

ITU Rural macro cell
26 dBm

+0 dB

+18 dB

25m

43 dBm

Max ClI

1024 Bytes

1%

X ~ U (0 ms, 10 ms)
0.1 Hz

30

10m

240s

SINR [dB]
By (o]
o o

n
o

0 100 200 300 400 500
Simulation Time [s]
(a) Uplink SINR. The bold plot represents the median value.
The ribbon around the plot indicates the interval between

the 5" and the 95" percentiles of the values observed over
50 simulations.
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(b) Moving average of HARQ triggered uplink packet re-

transmissions for 50 simulation runs.

Figure 5: Network performance metrics.

evaluates the performance of the selected driving behavior
and vehicle using data received from the actors in CARLA.

6. Results

We begin by considering network performance metrics
resulting from 50 simulation runs presented in Fig. 5. Al-
though the instantaneous values of the Signal to Interfer-
ence and Noise Ratio (SINR) as shown in Fig. 5a exhibit
wide variance (< 20dB to 60dB), the overall median SINR
remains fairly stable. This aligns with expectations for ser-
vices running on the network edge. However, these instan-
taneous shifts in SINR impact the packet re-transmission
rate as a result of forward error correction mechanisms
using Hybrid ARQ. The latter is clearly depicted by Fig. 5b
which combines the results of all 50 simulation runs and
uses a window of 1000 samples to show the moving average
of transmission attempts for a packet over the course of the
simulations.

The left panel of Fig. 6a and Fig. 6b show that the
upstream delay is bounded to a few tens of milliseconds,
and most of the time it is below 20ms. In fact the right
panel of Fig. 6a shows that almost 85% of the values are in
the order of 4 ms. Such low delay is achieved because the
control of towing occurs in a server running at the edge
of the cellular network. This kind of delay is compatible
with human reaction times and corresponds to vehicle dis-
placements of the order of a few tens of centimeters at legal
speed, which explains how it is possible to automatically
control a moving vehicle remotely.

Although the degradation of the channel, cf. Fig. 5b,
leads to increases in the upstream delay for some packets
with respect to the mainstream delay as shown in Fig. 6b,
it has little impact on the expected goodput of the towing
service shown in Fig. 6c. This result is explained by the
small size of the packets (1kB) and the low data rate (1
packet every 100 ms) required by CopyCAV. For descriptive
purposes, the first 30 s of Fig. 6¢ includes the driver/vehicle
evaluation phase, whereby different candidate vehicles
transmit their driving data to the network for assessment.
This evaluation phase is responsible for the higher goodput
experienced over this period.

We now discuss the performance of the towing op-
eration. The driving behavior of the tail CAV is closely
aligned to that of the human-driven lead vehicle. This is
clearly observed from Fig. 7a, which shows the median
speed profiles of both the lead vehicle and the towed CAV.
Speed variations are observed as the lead vehicle strives
to maintain the ideal spacing x;4., between itself and the
tail vehicle. The spacing profile between the lead and tail
vehicle depicted in Fig. 7b is therefore highly correlated
with the speed tuning behavior. We observe that while
Xigea = 10m the spacing achieved remains slightly larger.
This phenomenon can be attributed to a variety of factors,
the first of which is varying delay in communication (de-
picted in Fig. 6b) between the vehicles and network as a
result of transients in channel quality as already discussed
with reference to Fig. 5b. It is also due to a combina-
tion of the lead vehicle's driving behavior and of road
conditions, including intervening traffic, intersections, and
traffic lights.
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Figure 6: System performance metrics.

For example, it can occur that the driving style or en-
gine power of the leader are different than the tail vehicle’s,
so that the leader turns, accelerates or brakes more abruptly
than the tail vehicle. In the worst case, the leader may
proceed beyond a traffic light, while the tail vehicle is
left behind. These conditions compound with intervening
traffic, and typically lead to time-varying mismatches in the
distance between the two vehicles.

We now comment on the performance of the reinforce-
ment learning agent that selects the lead vehicle to execute
the towing operation. We achieve this by showing how
many times the policy promotes the selection of a given

—— Lead vehicle —— Tail vehicle
15 \

1] M L w

0 100 200 300 400 500
Simulation Time [s]

Speed [m/s]

(a) Median speed profiles of the lead and tail vehicle over 100
simulations

20 |- |

10| |
| | | | |

0 100 200 300 400 500

Simulation Time [s]

Spacing [m]

(b) Median spacing between lead and tow vehicle over 100 simu-
lations

Figure 7: Speed and spacing between the leading and the towed
vehicles. The driving behavior of the tail vehicle depends on the
lead vehicle. In the wireless towing case, unlike platooning, the
spacing between the vehicles varies, given that the tail vehicle
simply follows the path paved by the lead vehicle, in place of a
deterministic control law.

combination of driving behavior and lead/towed vehicle
engine power ratio through the heat maps in Fig. 8. In
the initial stages, the network agent has accrued limited
experience, and thus it acts more randomly. This results
in a more evenly spread out choice of driver behavior
and engine power as shown in Fig. 8a. As the policy is
progressively developed, see Fig. 8b, the agent chooses
certain combinations of driving behavior and engine power
with greater frequency and completely avoids others. This
reflects the experience that the chosen combinations lead
to towing completion time and vehicle spacing closer to the
prescribed ideal values, and hence higher rewards.

When the policy is more established, as depicted in
Fig. 8c, the agent acts more greedily and exhibits the
highest preference in its selection. The weighted fair ex-
ploration mechanism [25] allows the agent to already start
choosing actions that align to the eventual policy. This
becomes apparent considering the high likelihood that the
agent selects driving behavior y = 1.0 and R, ~ 1.67
with a more developed policy as shown in Fig. 8. In par-
ticular, the selection policy leans more and more towards
choosing stable driving behaviors (y — 1.0) and more
powerful vehicles (R, > 1.0).
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Figure 8: Joint distribution of selection probabilities at different
levels of policy convergence.

We remark that during the initial period the agent
acts more randomly (¢ — 1.0), and selects lead vehicles
and driving behaviors that are not well matched to the

towed CAV. We show this occurrence through the speed
profile distribution in Fig. 9. Here, panel (a) conveys the
evolution of the speed of the lead vehicle, panel (b) that
of the towed vehicle, and panel (c) depicts the evolution of
the spacing between the two. The solid line represents the
median value, whereas the shaded area around it conveys
the interval between the 5% and 95" percentiles, both
computed across 100 simulations with the selection agent
acting randomly. As a consequence of adverse network
conditions beyond the 225 s of simulation time (see. Fig. 5b)
and compounded by this random choice of the lead vehicle,
the speed and spacing of the tail vehicle exhibit significant
dispersion, as shown in Fig. 9b amd Fig. 9c. For example,
Fig. 9a shows that between 300s and 350s of simulation
time the median speed of the selected lead vehicle remains
relatively high even though that of the tail vehicle in Fig. 9b
drops to zero more than once. This imprudent choice in
driving behaviour and lead vehicle consequently lead to
greater dispersion in the spacing between the two vehicles
as shown in Fig. 9c.

As the Copy-CAV selection agent gains more expe-
rience by reinforcement learning and acts according to
policy (€ — 0), it progressively selects the lead vehicle and
driving behavior combination that better matches that of
the tail CAV. This is illustrated in the panels of Fig. 10.
For example, we observe that the tail vehicle is able to
keep up with the leading vehicle as the latter better adapts
to the autonomous driving style of the CAV. Moreover, in
Fig. 10a, we observe a case where the lead vehicle stops
at 334 s to allow the tail vehicle to catch up, since it had
stopped earlier at 320s (see Fig. 10b). The two vehicles
then start moving again together from 346 s onwards. The
latter case, in particular, shows that a better choice of
the leading vehicle's power and driving behavior leads to
generally better coordination during the towing process.
This is further proven by a reduced dispersion in maximum
spacing, which is over 100 m less in Fig. 10c when compared
to Fig. 9c. These results show the effectiveness of our
reinforcement learning algorithm in the selection of the
most suitable driving behaviour and lead vehicle for the
towing service.

7. Conclusions

In this paper, we have presented the design of an
emergency wireless towing service that relies on a human-
driven vehicle to help the passenger of a connected au-
tonomous vehicle (CAV) in distress. Similar to a physical
towing scenario, here a towed CAV relies on a leading
vehicle to decide on the route towards a given destination,
and automatically follows the lead vehicle's trail. The man-
agement of potential lead vehicles and the consequent lead
vehicle as well as the the CAV is reliant on the 5G commu-
nications infrastructure and its edge computing fabric.

The presence of a lead human driver ensures that cru-
cial intuitive decisions can be made, as they come naturally
to a human driver but may not feature in the training
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Figure 9: Distribution of speed profiles and spacing for off-policy selection (€ = 0.965). The bold plot represents the median value. The
ribbon around the plots indicates the interval between the 5" and the 95" percentiles of the values observed over 100 simulations.
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process of a typical CAV. We have shown that, unlike pla-
tooning, the wireless towing service is robust to changing
network conditions given its low data rate requirement and
the flexible speed and spacing that it can tolerate.

We have also presented a lead vehicle/driving behavior
selection algorithm that leverages Monte-Carlo reinforce-
ment learning to improve the performance of the wireless
towing service over time. With this scheme, the cohe-
siveness between the tail CAV and lead vehicle is better
maintained reducing the chances of other traffic getting in
between the two and disrupting the service.

We also observe that transient drops in quality of the
wireless channel to the edge network has a non-trivial
effect on the cohesion between the towed and lead vehicle.
As part of future work, we intend to incorporate V2V
communication between the vehicles as a backup channel
to solve this problem. We will also investigate the robust-
ness of our towing scheme when network resources are
congested or constrained.
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