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ABSTRACT

In upcoming 6G networks, unmanned aerial vehicles (UAVs) are
expected to play a fundamental role by acting as mobile base sta-
tions, particularly for demanding vehicle-to-everything (V2X) appli-
cations. In this scenario, one of the most challenging problems is
the design of trajectories for multiple UAVs, cooperatively serving
the same area. Such joint trajectory design can be performed using
multi-agent deep reinforcement learning (MADRL) algorithms, but
ensuring collision-free paths among UAVs becomes a critical chal-
lenge. Traditional methods involve imposing high penalties during
training to discourage unsafe conditions, but these can be proven
to be ineffective, whereas binary masks can be used to restrict un-
safe actions, but naively applying them to all agents can lead to
suboptimal solutions and inefficiencies. To address these issues,
we propose a rank-based binary masking approach. Higher-ranked
UAVs move optimally, while lower-ranked UAVs use this informa-
tion to define improved binary masks, reducing the number of unsafe
actions. This approach allows to obtain a good trade-off between
exploration and exploitation, resulting in enhanced training perfor-
mance, while maintaining safety constraints.

Index Terms— UAVs, V2X, Reinforcement Learning, Collision-
avoidance.

1. INTRODUCTION

Nowadays, the use of Unmanned Aerial Vehicles (UAVs) as fly-
ing Base Stations (BSs), namely Unmanned Aerial Base Stations
(UABSs), has gained considerable attention in the literature as a
promising technology for future 6G networks [1,2]. The ability of
UABS to operate at high altitudes opens up the possibility of pro-
viding Line-of-Sight (LoS) links with ground users, leading to en-
hanced network coverage and capacity for a wide variety of appli-
cations. An important use case is foreseen in vehicular communica-
tions [3,4], where vehicles have to exchange large amounts of infor-
mation with the network and among themselves. In such scenarios,
UABS can significantly enhance network performance.

Moreover, addressing complex urban environments poses a cru-
cial challenge: the design of optimized trajectories for multiple
UABS to ensure a desired network performance. Additionally, in-
troducing a coordination mechanism among UABSs becomes cru-
cial to ensure optimal coverage of the environment while avoiding
overlapping trajectories that may lead to interference or, even worse,
flight collisions.

Extensive research has been conducted on collision avoidance
for UAV swarms. Conventional methods include velocity obstacles

(VO), which involves frequent changes in UAVs velocities [5], arti-
ficial potential field (APF), which does not fully leverage drone co-
operation [6], and particle swarm optimization (PSO), which gen-
erates energy inefficient zigzag trajectories [7]. Addressing these
challenges often requires complex mathematical models and signifi-
cant computational time. In response, machine learning-based solu-
tions [8-10], particularly Multi-Agent Deep Reinforcement Learn-
ing (MADRL)-based algorithms [11, 12], offer promising alterna-
tive approaches to mitigate such issues. Many existing works in
the literature address collision avoidance by introducing constraints
on the agents’ mobility models and tweaking the reward function.
These constraints enforce a minimum safety distance between any
two agents at any time instant [13-16]. In these works, the reward
function is modified to include a simple penalty term based on mu-
tual distances between agents. A slightly different approach is pro-
posed in [15], where each agent is surrounded by a ‘repulsive field’
that induces negative and positive rewards proportional to encroach-
ment and target distances, respectively. Nevertheless, such methods
restrict the movement space of agents, that are forced to learn sub-
optimal policies. Furthermore, solutions like the ones proposed in
the aforementioned works limit the collision probability but do not
entirely prevent collisions, posing challenges when applied to real-
world systems.

This paper presents a MADRL model that can optimize the tra-
jectories of a swarm of UABS deployed over an urban scenario.
The model is characterized by a mask-based mechanism that allows
UABS to avoid any flight collisions, as well as possible interference
with other agents that are serving vehicular users under their fields of
view. More specifically, to improve the agents’ performance, a rank-
ing system is introduced: high-ranked agents will have the oppor-
tunity to follow the best trajectories, whereas low ones will have to
respect the safety constraint using binary masking. Results are pre-
sented in terms of the cumulative reward collected by agents, show-
ing the convergence property of the training algorithm designed, and
in terms of the percentage of satisfied users, indicating how well the
proposed system can meet the stringent requirements of Vehicle-To-
Everything (V2X) applications while respecting the safety constraint
introduced.

The rest of the paper is organized as follows: Section 2 describes
the system model, Section 3 offers an overview of the MADRL
model and a detailed analysis of the proposed anti-collision mecha-
nism, Section 4 shows the results obtained and Section 5 depicts the
main conclusions.
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Fig. 1. Manhattan-style street layout showcasing UABSs as star
points, with colored circles indicating their coverage areas.

2. SYSTEM MODEL

2.1. Scenario

Let us consider a set G of vehicles, namely Ground User Equip-
ments (GUEs), moving within an urban area while running an ex-
tended sensing application. This application necessitates each GUE
to gather data from its onboard sensors and exchange information
with other GUEs and the network. Let us also consider a set U of M
UABS:s, equipped with mmWave radio antenna systems working at
carrier frequency f., flying in the same region and acting as relays
to provide reliable and continuous service, capable of meeting strin-
gent requirements.

We assume that each UABS u € U flies at constant speed v, with
fixed altitude h, with positions on xy-plane given by (:Jc,(fu), yt(")) at
each discrete time instant ¢t. Time is discretized ast = 0,1,...,7T,
where 7' is the duration of the flight mission and each timestep has
duration 0¢. A flight comprises a discrete sequence of positions as-
sumed at each timestep.gene

It is assumed that each UABS always has an active and reliable
Command and Control (C2) link towards a central unit, hereafter de-
noted as controller. We assume that the C2 links operate on distinct
frequency bands w.r.t. those used for communication with GUE:s,
ensuring no interference between the two systems.

The service area, depicted in Fig. 1, follows a Manhattan-style
street layout. The routes taken by GUEs and their movement are sim-
ulated using Simulation of Urban MObility (SUMO) [17]. Since in
this work we focus on the anti-collision mechanism, in our scenario,
we simulate a small portion of a city where GUEs are concentrated.

2.2. Application Requirements

For this work, we focus on the collection of uplink packets, from
GUEs to UABSs. It is assumed that GUEs transmit one packet per
timestep, i.e., they generate periodic traffic with period dt. A GUE is
served at timestep ¢ if its packet is correctly received by at least one
UABS, i.e., the corresponding uplink Signal-to-Noise Ratio (SNR)
SNR(®™ evaluated at one UABS u exceeds a threshold, SNRyp. Let
us define a service window as a series of N consecutive timesteps
starting from a generic timestep t. We now assume that each GUE
needs to be served for at least N, time slots inside the same service
window, to provide continuous service. Then, a GUE is said to be
satisfied in a service window if Ng; > N, where Ny is the number
of slots for which it is served. With these definitions, we model the
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Fig. 2. Multi-agent DRL architecture. Agents continuously interact
with a shared environment. Experiences are collected in a shared
replay buffer at the central controller, which periodically updates the
learning model and sends it back to each agent.

reliability and continuity of service. Furthermore, to keep track of
the service history, a priority term pig ) is assigned to each GUE g,

and for each service window varies as follows:
1, it =f 6

P9 = p@ +1, ifJueld: SNREY > SNRa, ()

(9)

D1, otherwise. 3)

2.3. Channel Model

The channel model considered is the 3GPP Urban Macro (UMa) [18].
For a generic link between two terminals, such a model defines a
probability to be in LoS condition, pr,. The SNR in dB can be ex-
pressed as SNR = Pix + Gix + Grx — PL — P,, where Pix is the
transmit power in dBm, G« and G« are, respectively, the gains of
the transmitter and receiver antenna in dB, PL is the path loss in dB
(from Table 7.4.1-1 and 7.4.2-1 in [18]), which depends on pr,, and
P, is the noise power at the receiver side in dBm. Furthermore, we
assume UABSs use beamforming generating B = 9 circular beam
footprint on the ground in a 3x3 grid. By defining the field of view
of the UABS on the vertical plane as ¢, the solid angle of a single
beam can be derived as Ppeam ~ 2m(1—cos(¢/2))
gain GG can be expressed as G =

and the maximum

, assuming an ideal
((I)bea'rn %)2 £
radiation pattern, with gain G inside ®peam and O dB outside [19].

3. MULTI AGENT REINFORCEMENT LEARNING MODEL

The architecture of the proposed MADRL algorithm is depicted in
Fig. 2. Multiple agents (i.e., the UABSs) cooperate to accomplish a
common task in a shared, dynamic, and unknown environment, that
is the urban area with GUEs moving along the streets. For these rea-
sons, UABSs must interact with each other to learn how to effec-
tively perform the task and find a behavioral policy 7, represented by
a Neural Network (NN) whose parameters must be tuned by means
of a learning algorithm. The controller is a central unit that collects
all the experiences of the agents in a replay buffer, trains the learning
model, and periodically shares the updated policy with the agents.
At timestep ¢ each UABS u observes a limited and local rep-

resentation of the environment, namely OE“). We define a local ob-

servation as a tuple 0! = (z{™, y{™ ¢ L;,b{"), where L; is a



matrix containing all the current locations of agents in the fleet, and
bg“) is the per beam information, i.e., a vector of length B whose
elements bﬁj? corresponds to the sum of priority p§9 ) of GUEs un-
der the i-th beam of u-th agent at timestep ¢. Based on the policy 7,
each UABS selects its own action a§"> belonging to the set A of pos-
sible directions of movement, with 4 = {1, —, |, +}. As a conse-
quence of the collective actions taken by all agents, the environment
will change leading to new local observations oii)l for each agent.
Local observations and chosen actions are sent back to the controller
so that a per agent reward r§“) can be computed. The reward in-

dicates how favorable or unfavorable has been choosing action a,(fu)

within the context of local observations o{* and o{"} . At this point,

Oiu) (u) (u) (u)

the experience tuple ( ,ay Ty, 0447 ) is stored in the shared

replay buffer. By defining d,(tu’w) as the euclidean distance between
agents v and w at a timestep ¢ and ||x||1 = >__ . |x| the 1-norm of
a vector x, the reward function can be written as:

Ibflle, if Ve € U\ {u} - dy” 2 d (o)
s, if3weu\ {u}: ) <dw  (4b)
e, if3weu\ {u}: ) < 1. (4o)

o =

(4a) corresponds to the sum of the priority of GUEs covered by the
beams of UABS u, after choosing action aim at time t, reaching a
new position and getting the per beam information at timestep ¢ 4 1.
On the other hand, when distance requirements are not met in (4b)
and (4c), agents get penalties equal to As and A., respectively. The
former condition happens when two agents start to interfere with
each other, with di, = 2h arctan ¢ being twice their coverage ra-
dius, whereas the latter corresponds to a collision event between
them.

After T, timesteps, the controller will update the NN parame-
ters following a Double Dueling Deep Q Network (3DQN) learn-
ing algorithm and share the new model with each agent. To reduce
complexity, improve performance, and leverage a centralized learn-
ing distributed execution paradigm, the trained policy 7 is shared
among all agents so that each one exploits the same one. Addition-
ally, centralized training avoids high consumption of energy at the
UABS, whereas the distributed execution, guaranteed by the local
model replica, allows each UABS to act quickly once new observa-
tions arrive, reducing possible delays.

Fundamental concepts of the 3DQN implementation are re-
ported hereafter. More details can be found in [8]. In short, the aim
of 3DQN algorithm is to estimate the Q-values, representing the ex-
pected future rewards when choosing an action « in a given observa-
tion o, for all possible actions and observations. Periodical updates
of the NN parameters are based on the stochastic gradient descent on
mini-batches of local experiences (o¢, at, T+, 0¢+1) randomly sam-
pled from the shared replay buffer. These experiences can be col-
lected either by exploiting the current policy 7 and choosing the ac-
tion with the highest Q-value when observation o, is perceived, or
by exploring the environment, thus choosing random actions, pos-
sibly transitioning to new positions obtaining higher rewards, and
learn a better policy. Agents must strike a good balance between
exploration and exploitation by following an e-greedy policy. Addi-
tionally, a double loss calculation, to avoid overestimation, and a du-
eling architecture, useful to increase the sample-efficiency of the al-
gorithm, are exploited to provide better learning outcomes. Indeed,
3DQN provides good performance in this type of scenario, balanc-
ing training convergence and real-time execution of new trajectories.

3.1. Anti-Collision Mechanism

In real-world scenarios, the likelihood of UABSs flying in danger-
ously close proximity is not negligible, making it imperative to effec-
tively diminish the collision risk during their missions. The widely-
adopted penalty-based strategy [13—16] requires the definition of a
reward function that imposes penalties on agents when they get too
close, as outlined in (4b) and (4¢). As simulations will show, this
approach often results in agents colliding with each other, failing to
provide a definitive solution to the problem. Hence, we introduce
two novel collision avoidance mechanisms, namely flar and rank
masking, which rely on constraining the agents’ action space to en-
tirely avert collisions.

The flat masking algorithm works as follows: 1) at timestep ¢, the
controller examines each agent and assesses all their potential future
positions; ii) for each couple of agents u, w € U, actions for which
dgifu ) < din + v dt are classified as illegal and removed from the
action space, resulting in temporarily restricted sets of safe actions

A and A", The term v 6t is introduced as an additional safety
factor accommodating for the uncertainty caused by the selection of
random actions that are not known in advance by the agents. The
restricted binary masks are sent to each agent via the C2 link.

It becomes evident that the utilization of flat masking signifi-
cantly dampens the agents’ capacities for both exploration and ex-
ploitation. For instance, in a scenario where many agents are di-
rected toward a specific location, the masking effect induces a sense
of mutual repulsion, preventing any of them from reaching the desti-
nation. This directly affects the quality of service provided to GUEs.

To address this limitation and further improve the system’s per-
formance, we introduce the novel concept of rank masking: i) a rank
is assigned to each agent by means of a score function F'(u) =
b |1, that is the sum of the priorities of GUEs currently covered
by the u-th agent; ii) the couples u, w € U for which d\"") < duy +
2 v dt are identified as potential colliders; iii) if two agents can po-
tentially collide, the one with the highest rank is free to take the next
action without any limitation, according to its policy; iv) the agent u
with the lowest rank calculates its constrained set of actions, j\ﬁ"),
for which d{%}") < dyy,, based on the action chosen by agent w.

4. RESULTS

In this section, we provide simulation results to compare penalty
and masking-based collision avoidance mechanisms, proving that
the former is less efficient than the latter in terms of performance.
It is also shown that ranked-based masking performs better than flat
masking. As performance metrics, we used the cumulative reward,
i.e., the sum of agents’ reward, R = Eueu ZZ;O rt("), which pro-
vides feedback on the training performance of the designed MADRL
algorithm, and the percentage of satisfied users Py, calculated as

1 Nésat)

9 %2 Ny

(&)

g

where Ny is the total number of service windows of the g-th GUE,

while N, g(sat) are those for which N, > N,. The simulation param-
eters used are reported in Table 1.

M agents are trained for NV, episodes of duration 7. One UABS
is randomly placed inside the area, while the others are uniformly
distributed on its perimeter. The scenario considered has dimensions
350 170 m?. Every N, training episodes we perform an evaluation
of the current policy 7 on vehicle traces that have not been used for



Table 1. Simulation parameters

M 3 h 100 m v 20 m/s
10} 40° G| 80 ot Is
fe 30 GHz Pix 14 dBm P, -106.4 dBm
Gix 0dB Gix, 38dB SNRtn | -13.7dB
T 80's s 10 Ae 1000
Ny 1000 Ne 20 T, 1

Table 2. Average number of collisions occurrences

Penalty F]a.t Ran}(
Masking | Masking

Collisions in Training 170 (17%) | 0 (0%) 0 (0%)
Collisions in Evaluation | 14 (28%) 0 (0%) 0 (0%)

the training. During evaluation agents are not allowed to perform
random actions, so we can evaluate and compare their behavior in a
fixed and fair setting.

Table 2 lists the average number of collisions in training and
evaluation episodes, showing how masking can be used to com-
pletely avoid collisions in contrast to penalty-based algorithms.

In Fig. 3 the cumulative reward, R, obtained during evaluation
episodes is shown. It is possible to notice that the use of the penalty-
based approach turns out to be ineffective in this highly dynamic sce-
nario due to the mix of penalties received by the agents. Addition-
ally, thanks to the improved exploration and exploitation capability,
rank-based masking allows agents to collect higher rewards than flat
masking. Let us remark that when anti-collision mechanism is ac-
tive the agents only collect the positive rewards outlined in (4a).

Fig. 4 shows the P, by varying the service threshold, N.. Values
are obtained from the best evaluation episode for each setting. As
expected, rank-based masking is again proven to be better than flat
masking. However, both masking strategies easily outperform the
trajectories obtained with penalty-based training. It is worth men-
tioning that the low values of user satisfaction are mainly attributed
to the UABSs’ limited coverage footprint and the beam ideality hy-
pothesis, causing a maximum instantaneous coverage area that is
only 12% of the overall service area. Indeed, the system perfor-
mance can be improved by introducing a fixed ground network ca-
pable of serving GUEs cooperating with UABSs.

5. CONCLUSIONS

This paper addresses anti-collision methods for a group of au-
tonomous UABS whose aim is to continuously serve groups of
GUEs. Indeed, when trajectories are learned using MADRL algo-
rithms, it becomes difficult to respect basic safety constrain on the
UABSs’ mutual distance without a proper design. To this end, three
strategies for collision avoidance are presented and compared. The
study finds that incorporating penalties into the reward function is
not enough to avoid collisions, necessitating a binary mask to pre-
vent unsafe actions. Moreover, a ranking system can be adopted to
ensure service continuity and improve the exploration and exploita-
tion capabilities of the fleet during the training phase.
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