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Université Claude Bernard Lyon 1,
ENS de Lyon, CNRS, LIP UMR5668

Lyon, France
firstname.name@univ-lyon1.fr
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Abstract—UAV-based wireless networks can be deployed to
provide a network coverage to users who have no or poor
network connection. Unlike traditional model-based approaches
that require predefined assumptions before UAV deployment,
reinforcement learning (RL) offers a promising alternative but
requires a realistic simulator for training the proposed strate-
gies. None of the existing open-source simulators provide both
realistic wireless communications while enabling the training,
in a cluttered environment, of multi-UAVs movement strategies
using RL. Thus, in this paper, we present a simulator where
we focus on improving the modeling of the network access
part, i.e., the communications between the UAVs and the users,
by integrating signal propagation, physical rate adaptation and
medium access sharing models. We evaluate the performance of
a standard independent RL algorithm trained in our simulator
across various use case scenarios, and compare the results
obtained using different learning objectives. Results show that
the classical formulation, commonly found in the literature and
based on a a simplified wireless network model, underperforms
in terms of communication quality.

Index Terms—Reinforcement learning training simulator, wire-
less network coverage, UAV deployment, multi-agent system,
wireless communications

I. INTRODUCTION

Thanks to the recent democratization of UAVs (Unmanned
Aerial Vehicles), they can be used in a variety of applications.
Especially, from the perspective of next-generation wireless
networks (6G), networks based on a fleet of autonomous UAVs
have emerged as a promising tool for several reasons [1]. In
particular, thanks to their fast and flexible deployment, UAV-
based wireless networks can provide a network coverage to
users who lack or have poor connectivity. However, many
challenges arise when a fleet of UAVs must be deployed
to provide network services to users. The UAVs need to be
positioned correctly relatively to both users and other UAVs
so that the network they form performs well, while typically
aiming to maximize users coverage and minimize the number
used UAVs.

Among the existing solutions to the network coverage
problem and deploying a UAV-based wireless network, many
rely on constructive models that need to be chosen a priori
before deployment (e.g., [2]). However, the environment in
which the UAVs must be deployed may be unknown and may
vary from one mission to another. The users and their density

may also be unknown and variable, as well as the traffic
demand. Reinforcement learning (RL)-based approaches have
received increasing research interest in recent years for UAV-
based wireless networks due to their ability to learn adaptive
and decentralized control strategies in complex and dynamic
environments [3], [4].

An important factor for training RL strategies is the avail-
ability of a realistic simulator. A few UAV-specific simulators
exist that are integrated with RL frameworks, e.g., Aerial Gym
[5] or the OmniDrones platform [6] of ISAAC Sim. But in
these simulators the wireless communications are not modeled.
Other simulators have been developed for training RL strate-
gies for wireless network solutions. For instance, in [7], the
authors develop a bridge that connects OpenAI Gym, an open-
source library providing a unified interface to wrap simulators
into RL environments, with ns-3, a well-known open-source
network simulator. This enables RL agents to interact with
realistic network simulations. Others couple OpenAI Gym with
GNU radio tools [8] or with simulation of dynamic spectrum
access and jamming [9]. These simulators are dedicated to
wireless networks and do not include any 3D scenarios with
potential obstacles (like buildings) nor the possibility of having
UAVs moving in these 3D scenarios. Few approaches manage
to simulate both UAV navigation and network components
for training RL strategies. Recently [10] provides a simple
UAV simulation to optimise network coverage and learn
UAV navigation strategies to deliver services to customers.
Unfortunately, the code of this simulator is not open-source
and has not been shared after request. In [11], the authors
have developed an advanced simulator with 3D scenarios
including obstacles, users, potentially mobile, and UAVs that
can communicate with users. The code respects OpenAI Gym
standard interface and is open source. On the other hand, the
modelling of wireless communications is very simplistic as
it uses a range-based communication model meaning that a
UAV and a user can communicate as soon as their distance is
lower than a predefined threshold. Moreover, the physical data
rate used to communicate is constant whatever the distance
between the UAV and the user.

In this paper, we propose a simulator to train and test
RL strategies for deploying a UAV-based wireless network in
order to provide a network coverage to users who have no or

https://developer.nvidia.com/isaac/sim
https://github.com/openai/gym
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poor network connection. Our work is based and extends the
simulator initially developed in [11]. Our contributions are the
following:

• we have completely refactored the simulator of [11] to
a more recent version of Python (Python 3.13) and to
comply with the PettingZoo [12] standard interface for
multi-agent RL environments;

• under the assumption that UAVs and users communicate
with the Wi-Fi technology, we have improved the com-
munication model by integrating i) a signal propagation
model taking into account potential obstacles, ii) a phys-
ical rate adaptation ensuring that the used physical data
rate is not constant and adapts according to the radio
conditions, and iii) a medium access sharing model that,
based on the Wi-Fi medium sharing, estimates the users’
throughput;

• we assess how one standard multi-agent RL algorithm
performs when trained within our simulator under various
use case scenarios, and compare the results with those
obtained under a simple wireless network model like the
one considered in [11].

The paper is organised as follows. In Section II, we describe
and define the network coverage problem. We then describe, in
Section III, the simulator we developed to train and test RL-
based UAV navigation solutions. In Section IV, we present
the RL-based UAV navigation algorithm we used to test our
simulator. The results obtained on different scenarios with the
chosen RL-based algorithm are discussed in Section V. We
conclude in Section VI.

II. PROBLEM STATEMENT

In this paper, we focus our work on the network coverage
application where a fleet of UAVs (also called agents hereafter)
is used as communication relays [13], as illustrated in Fig. 1.
Thus, UAVs can extend the connectivity of an existing network
infrastructure to unconnected areas. UAVs are connected to
this network infrastructure and relay the packets to and from
unconnected users if the UAVs are positioned in such a way
that they can communicate with them. The UAVs can also,
when needed, directly communicate when they are within
communication range. In this paper we focus on the access
part, i.e., on the communications between the UAVs and the
users. We assume that all UAVs are equipped with a long range
wireless communication technology, e.g., a satellite technology
or a mobile technology -5G- and can efficiently and directly
communicate with the network infrastructure through a base
station. We also assume that the users are located on a geo-
graphical area and that their location is unknown to UAVs and
the network infrastructure. The geographical area can include
obstacles, such as, for instance, buildings or mountains. These
obstacles can impede the radio signal propagation, and thus
the communication quality between the UAVs and the users.
The location and the shape of the obstacles are also unknown
to UAVs and the network infrastructure.

In this paper, we seek to answer the following problem,
called hereafter the network coverage problem: how to

Fig. 1: A solution to the network coverage problem with 2
clusters of users and 2 UAVs. The UAVs search for their best
position to provide, on the access part, a good connectivity to
the network infrastructure (that can be accessed by a satellite
in the figure). The width of the communication links between
a UAV and users (blue line) represents the user throughput.
This illustration highlights the impact of obstacles on signal
quality.

position UAVs so that users can efficiently receive data from
the network infrastructure? As explained hereafter, the UAV
deployment will either seek to maximize the number of
connected users or seek to maximize the mean user throughput
on the access part (i.e., between UAVs and users). Fig. 1 shows
a solution to the network coverage problem with 2 clusters of
users and 2 UAVs with the objective to maximize the mean
user throughput.

As the environment and the users’ location are unknown, we
propose a reinforcement learning (RL)-based approach to solve
the network coverage problem, where UAVs learn to adapt
their positions in order to maximize a reward-based objective,
e.g., covering the most users or ensuring a high average user
throughput.

III. SIMULATOR

Training RL strategies requires the availability of a realistic
simulator, as the more realistic the simulator is, the more
likely the solution will be to make the right decisions in a
real environment. In this section we present our simulator1

designed to train RL-based UAV navigation policies for the
network coverage problem, incorporating a realistic commu-
nication model for the access part.

A. Baseline simulator refactoring

Our work is based on the open-source simulator presented
in [11], where multiple UAVs can move in a 2D or 3D
grid-based environment including obstacles and user clusters
(potentially dynamic). Since this simulator was outdated, we
first performed a refactoring to ensure its compatibility with a
more recent version of Python (i.e., Python 3.13). Additionally,
we adapted it for integration with the PettingZoo API [12],

1available at https://gitlab.liris.cnrs.fr/lmatigno/drone.



providing a standardized interface for a wide variety of multi-
agent RL environments, enabling seamless integration with RL
libraries for easy development and benchmarking. Fig. 2 shows
a screenshot of our simulator with a specific 3D scenario.

Fig. 2: Screenshot of a 3D environment with our simulator.
Gray elements are obstacles, colored crosses represent UAVs
and the colored lines their trajectory, users are shown as
colored dots, depending on whether they are connected to a
UAV. The yellow color means that the users are not covered
by any UAV.

B. A more realistic communication model

In the simulator presented in [11], radio communications
are very simply modelled and based solely on connectivity:
according to the distance between the user and the UAV,
they are either connected or not. Moreover, the physical data
rate used to communicate, i.e., the speed at which data is
transmitted over the radio medium, is constant. This does not
correspond to the reality of radio technologies, which very
often adapt the physical data rate according to the radio quality
of the transmissions. To improve the communication model
initially used in [11], our simulator includes:

1) a signal propagation model;
2) a physical rate adaptation model;
3) a medium access sharing model.
We first considered that Wi-Fi communication technology

was used between UAVs and users, and thus adapted the
previous models accordingly. Any other wireless technology
can be considered by adapting the models. We also assume
that UAVs operate on orthogonal radio channels.

Firstly, concerning the signal propagation model, we use
the path loss model defined in [14] and inspired from [15].
We chose this model because it simply takes into account the
impact of obstacles on signal quality. We remind that the path
loss, denoted PL and expressed in dB, relates to the reception
power PRx (of the the received signal) and the transmission
power PTx (of the emitted signal) as follows:

PRx = PTx − PL (1)

The path loss without obstacles is formulated as follows:

PL =

{
PL0 + 10µ log10

(
d
d0

)
+Xg if d ≥ d0

PL0, otherwise
(2)

where PL0 is the path loss at the reference distance d0
calculated using the Friis free-space path loss model, d is the
distance between the emitter and the receiver, µ is the path
loss exponent that depends on the environment (we use µ = 2
in free space), Xg represents the variations of the path loss
caused by shadowing effects and/or multiple paths.

In order to better take into account the impact of the
different obstacles on the communication quality like in [14],
we add a dissipation model inside the obstacles leading to
high loss of the signal strength when the signal goes through
an obstacle. The resulting path loss is expressed as follows:

PL =


PL0 + 10µ log10

(
d−dobst

d0

)
+Xg + PLobst(dobst), if d− dobst ≥ d0

PL0 + PLobst(dobst), otherwise
(3)

where dobst is the length of the path inside the obstacle (we
assume that dobst ≥ 1m) and PLobst is the path loss in dB
due to obstacle attenuation. By using a simplified model of
the path loss, this latter is defined as:

PLobst(dobst) = 10µobstlog10(dobst) +K (4)

where µobst is the path loss exponent for the obstacle and
K is a constant.

Secondly, we include a physical rate adaptation model in
our simulator. Indeed, in Wi-Fi (and in many wireless tech-
nologies), the physical data rate is not constant but dynamic:
the emitter adapts its physical date rate when transmitting
according to its estimation of the communication quality. We
chose a simple physical rate adaptation based on the reception
power, but any other model can be integrated on the simulator.
Table I shows the selected physical data rate according to the
value of the reception power. We consider that a user u is
connected to UAV i if the reception power at u of the signal
received from i, denoted PRx,i(u), is superior to −70dBm:

ci(u) =

{
1 if PRx,i(u) ≥ −70
0 otherwise

(5)

Thirdly, we integrate a radio medium sharing model of the
Wi-Fi technology. Indeed, this radio medium sharing has a
great impact on the users’ throughput and we believe that it
should be considered as soon as user throughput is taken into
account in the solution to the coverage problem. In addition,
the presence of different physical data rates also has a strong
impact on the user throughput [16], as illustrated in Fig. 3. In
this figure, a UAV serves two users. User u1 is close to the



TABLE I: Correspondence table between the reception power
and the physical data rate.

Reception Power (dBm) Physical data rate (Mbit/s)
−70 ≤ PRx < −66 6.5
−66 ≤ PRx < −63 15.0
−63 ≤ PRx < −60 30.0
−60 ≤ PRx < −55 40.5
−55 ≤ PRx < −50 52.0
−50 ≤ PRx < −40 60.0

−40 ≤ PRx 90.0

UAV and due to the good radio conditions, the UAV transmits
to user u1 with a high physical data rate, denoted ρ1(u1). On
the other hand, user u2 is further away from the UAV and
the radio conditions are poor. Therefore, the UAV transmits to
user u2 with a low physical data rate ρ1(u2). In Wi-Fi, when
the single-user transmission is used2, the UAV transmits to a
single user and the other user has to wait for the end of this
transmission before being served. If the traffic rates for the
two users (i.e., the rate at which the UAV receives data for
the users) are identical and each transmitted packet contains
N bits of user data, then users u1 and u2 will receive their data
with a throughput equal to N

T , with T = t1+ t2 the total time
for UAV to transmit data to all its users, and t1 = N

ρ1(u1)
(resp.

t2 = N
ρ1(u2)

) the time for UAV to transmit data to user u1 (resp.
u2). We see that, in this example, the throughput of user u1

is impacted by the low physical rate ρ1(u2) used to transmit
to user u2. Note that the use of the CSMA/CA (Carrier Sense
Multiple Access / Collision Avoidance) mechanism in Wi-
Fi implies the same radio medium sharing if the users were
transmitting to the UAV. The set of notations used in this paper
is in Table II.

Fig. 3: Radio medium sharing illustration with one UAV and
2 users.

IV. UAV NAVIGATION ALGORITHM

In this section, we detail the RL approach adopted to address
our network coverage problem and the algorithm we used in
Section V. However, the simulator remains flexible thanks to
its integration with PettingZoo, and can accommodate other
RL algorithms as well.

2which is often the case of the Wi-Fi cards embedded in off-the-shelf UAVs.

TABLE II: Table of notations

Notation Definition
V set of UAVs
U set of users
Oi set of observations for agent i
oi observation of agent i
xi, yi, zi coordinates of the UAV i
Ai set of actions for agent i
T transition function
R reward function
πi policy of agent i
Q action-value function
PL Path loss
PRx,i(u) reception power at u from i
PTx Transmission power
ρi(u) physical data rate to transmit from i to u
THi mean throughput of users connected to UAV i
ci(u) connection of user u to UAV i

A. Multi-Agent Sequential Decision Process

In our problem, a set of UAVs learn to take decisions within
an environment over multiple time steps to achieve a specified
goal. The first step with RL is to model the problem under
the mathematical framework for sequential decision process.
In our context of multi-agent system, it is here a Decentralized
Partially Observable Markov Decision Process (Dec-POMDP)
defined by:

• V a finite set agents (or UAVs),
• S the set of global states of the environment,
• Oi the set of observation of agent i, as each agent partially

observes the state of the environment, according to an
observation function,

• Ai the action space of agent i, and A = A1× · · · ×A|V |
is the joint action space,

• T : S×A×S → [0, 1] the transition function representing
the dynamics of the environment, i.e.,, how the environ-
ment state changes in response to all agents’ actions,

• R : S×A×S → R the reward function, where all agents
receive the same reward.

The most common assumption in RL is that the dynamics
of the process, i.e., the transition and reward functions, are
a priori unknown to the agents. Thus they learn from inter-
actions with the environment, where at each time step, each
agent i makes partial observation oi of the current state s of the
environment and chooses an action ai. Then the environment
transitions to a new state s′ ∼ T (.|s, a) where a is the joint
action, and each agent receives a reward r = R(s, a, s′). An
episode is a complete sequence of interactions between the
agents and the environment, starting from an initial state and
ending at a terminal state or after completing a maximum
number of T time steps.

B. Independent Learners

To solve our multi-agent decision process, we use a basic
approach called independent learning (IL) [17], which applies
single-agent RL to each agent independently. IL is commonly
used and has been shown to perform competitively in diverse
learning tasks [18], [19]. Independent learners do not explicitly



observe the other agents; the effects of others’ actions are part
of the environment dynamics from the perspective of each
learning agent and especially, the common reward in the Dec-
POMDP provides some insight into how others behave. Each
agent i learns its own policy πi : Oi × Ai → [0, 1], where
πi(oi, ai) gives the probability that agent i selects action ai
when observing oi.

C. Problem Modeling

We now explicitly define the observations, actions, and
rewards for our network coverage problem. In the following,
the set of users in the environment is noted U .

a) Discussion about the reward function: The reward
function defines the learning objective that is, for each UAV,
to learn a movement policy that ensures, for all users, an
efficient network coverage. We are considering two strategies
to model the reward.

Reward 1: The majority of state-of-the-art approaches (e.g.,
[10], [11]) aim to maximize the total number of connected
users with a reward function based on this number. Following a
similar approach, we propose a first formulation of the reward
that is function of the number of users not connected:

r = −
∑
i∈V

∑
u∈U

1ci(u)=0 (6)

Reward 2: The previous reward only considers the con-
nectivity as the main metrics to evaluate the quality of the
communication. However, this does not take into account
the fact that connected users may have low throughput. To
address this, we propose to use in the reward a weighted mean
throughput per UAV:

r = Th − ρmax (7)

where ρmax is the maximal physical data rate3, and Th is a
weighted mean throughput per UAV:

Th =
∑
i∈V

∑
u∈Ui

Ni(u)

Ti

|Ui|
|U |

(8)

where Ui is the set of users connected to UAV i, Ni(u)
is the number of bits sent by UAV i to user u, and Ti is
the total time for UAV i to transmit data to all its users (cf.
Fig. 3). The used weight is function of the proportion of users
covered by each UAV. The mean throughput per user is then
easily computed from Th as it corresponds to Th

|U | .
b) Observation space: We consider that each UAV agent

can observe its current and previous position in the environ-
ment (that is assumed to take discrete values), and the current
and previous mean throughput per UAV. At each time step t,
the observation of agent i is then:

oti =< xt
i, y

t
i , z

t
i , T

t
h, x

t
i − xt−1

i , yti − yt−1
i , (9)

zti − zt−1
i , T t

h − T t−1
h >

3We use a negative reward function to favor initial exploration of UAVs.

where xt
i, y

t
i and zti are the coordinates related to the position

at t of the UAV i, and T t
h is the mean throughput per UAV

at t (cf. Eq. 8). Current and previous observations help the
agent infer hidden state information in partially observable
environments.

c) Action space: At each time step, each UAV can move
in one of the possible directions by ds meters or do nothing4.
The actions are discrete, thus the action set for each UAV i is
defined as follows:

Ai = {(+ds, 0, 0), (−ds, 0, 0), (0,+ds, 0), (0,−ds, 0),
(0, 0,+ds), (0, 0,−ds), (0, 0, 0)}. (10)

Algorithm 1 Independent Deep Q-networks (IDQN) for n
agents

1: Initialize n Q-functions with random weights θ1, ..., θn
2: Initialize n target Q̂-functions with weights θ̂1 =

θ1,...,θ̂n = θn
3: Initialize n replay buffer Bi

4: for each episode do
5: Collect initial observations o1, ..., on
6: for each time step t = 1..T do
7: Each agent i chooses an action ai from oi using an

ϵ-greedy policy based on Q(oi, ai; θi)
8: Execute joint action a = (a1, ..., an), observe reward

r and next observations o′1, ..., o
′
n

9: Store transition (oi, ai, r, o
′
i) of each agent i in replay

buffer Bi

10: for each agent i = 1..n do
11: Sample random mini-batch of b transitions

(oj , aj , rj , o
′
j) from Bi

12: Compute prediction υ̂j = Q(oj , aj ; θi)
13: Compute target:

υj =

{
r if t = T

r + γmaxa′ Q̂(o′j , a
′; θ̂i) otherwise

14: Update θi by minimizing the loss with gradient
descent: L(θi) = 1

b

∑
j (υj − υ̂j)

2

15: Update target weights: θ̂i ← τθi + (1− τ)θ̂i
16: end for
17: o1 ← o′1,...,on ← o′n
18: end for
19: end for

D. RL Algorithm

Among the most classic mono-agent RL algorithms is Q-
Learning [20] which learns an optimal action-value function,
noted Q∗, while interacting with the environment. Q∗ gives,
for each observation-action pair, the maximum expected return
(i.e., cumulative sum of rewards) achievable by following an
optimal policy thereafter. Once Q∗ is learned, the optimal
policy π∗ can be obtained by choosing, for each observation,

4The agent does not move if the chosen action leads to an obstacle.



the action that maximizes Q∗, and is defined as π∗(o) =
argmaxa∈AQ

∗(o, a). As Q-learning is not designed to cope
with scenarios with large or continuous state spaces, Deep
Q-Networks (DQN) [21] is now the preferred approach. It
extends Q-learning by introducing a neural network to ap-
proximate the action-value function.

Following our IL approach (cf §IV-B), we use the In-
dependent DQN algorithm detailed in Algorithm 1. Each
agent i applies DQN independently and trains its own action-
value function Qi(oi, ai; θi) conditioned on its individual
observation oi and action ai and parameterized with neural
network weights θi. Each agent i collects experience samples
(oi, ai, r, o

′
i) via interaction with its environment (line 8).

These samples are stored in a replay buffer (line 9) and used
to update the weights θi (and so to train Qi) (line 14). Target
networks Q̂i with weights θ̂i are also used to address the
challenges of moving target values. The agents follow the ϵ-
greedy exploration-exploitation strategy (line 7) which chooses
the greedy action5 with probability 1− ϵ, and with probability
ϵ chooses a random action.

V. SCENARIOS AND SIMULATION RESULTS

We use our simulator, described in Section III to train
and test the navigation algorithm described in Section IV-D.
Parameters specific to the simulation and the learning part are
given in Table III.

A. Training, evaluation and metrics

The RL algorithm is trained on Etrain episodes. We com-
pare training with Reward 1 and with Reward 2 (cf. §IV-C).

To evaluate the performance of the learned policy after
the training, we run the greedy policy, at the end of each
training, during 10 episodes of evaluation and plot different
performance metrics:

• the mean number of users connected at each time step of
the episode given by m1 =

∑
i∈V

∑
u∈U 1ci(u)=1

• the mean throughput per user at each time step of the
episode given by m2 = Th

|U | with Th defined in Eq. 8.
UAV position traces within the environment during one
episode of evaluation are also recorded.

B. Mono UAV scenario

We are first considering a 3D scenario with a single UAV,
one cluster of 10 users, and one obstacle in the topology which
corresponds to a wall (cf. Fig.4). The cluster of users is at the
same position during the training and evaluation phase.

Trajectory of the UAV: In Fig. 4, it can be observed that the
UAV has successfully learned to avoid the obstacle to approach
and serve correctly the cluster of users. However, with Reward
1, maximizing the number of connected users, the UAV merely
reaches the point where a connection is established with the
users, without considering the quality of the communication.
In contrast, with Reward 2, the UAV moves closer to the users
to provide a better communication quality.

5A greedy action when observing oi is the one that yields the highest Q
value.

TABLE III: Simulation and learning parameters

Simulation Parameters Values
cell size ds = 10m
path loss at the reference distance PL0 = 46.43
variations of the path loss Xg = N (0, 22)
pathloss exponent in free space µ = 2
pathloss exponent for obstacle µobst = 4
constant K = 0

RL Parameters Values
discount factor γ = 0.95
learning rate α = 0.0001
decaying ϵ strategy exponential (1 → 0.1)
episode duration T = 100
training episodes Etrain = 5000 for Mono UAV

Etrain = 10000 for Multi UAVs with static clusters
Etrain = 50000 for Multi UAVs with dynamic clusters

replay buffer size B = 10 000
minibatch size b = 32
target soft update rate τ = 0.001
hidden layers for DQN 64× 64
activation function for DQN ReLu
optimiser Adam

(a) Reward 1 (b) Reward 2

Fig. 4: Mono UAV scenario: Trajectory of the UAV after
training according to each reward.

Result of the performance metrics: In Fig. 5, the evolution
of the number of users connected (left) and the average user
throughput (right) is given for the two rewards, averaged over
10 episodes. The shaded area around the mean value repre-
sents the standard deviation from the mean to illustrate the
variability. It can be observed that, in both cases, the number
of connected users at the end of the episodes is identical: 10
out of 10, meaning that every user is connected to the UAV
regardless of the chosen reward. However, the throughput in
the access network differs significantly. The approach with
Reward 1 is suboptimal in terms of throughput, as the policy
learned by the UAV results in a mean user throughput that
is approximately half of what could be achieved. In contrast,
when the reward function accounts for communication quality,
as in Reward 2, the resulting user throughput is substantially
higher. This difference owes to the simulator ability to model
the performance of the communication and to Reward 2 taking
into account the quality of the communication performance.

C. Two independent UAV scenario

In this scenario, we consider two UAVs that can be deployed
to serve two clusters of 10 users each, located at the opposite



Fig. 5: Mono UAV scenario: Comparison of our performance metrics after training, averaged over 10 episodes, according to
each reward.

corners of the area (bottom-left and top-right). To reduce
computational time, the scenario is modeled using a 2D
topology of size 20× 20 cells.

Results with static clusters: In this subsection, we assume
that the clusters of users are at the same position during the
learning and evaluation phase. Fig. 6 plots the metrics for
Rewards 1 and 2.

For both rewards, it can be seen that the 20 users are
connected to a UAV, indicating that the UAVs collaborate
effectively to distribute the users among themselves. This
is due to the rewards’ definitions that are collaborative by
nature (and which implicitly rely on perfect communications
between UAVs, without packet loss and delay). However,
when analyzing the communication quality more closely, it
becomes clear that Reward 2 is more efficient, with higher
mean throughput per UAV compared to Reward 1. As in the
mono UAV scenario, with Reward 1, the UAV stops as soon
as it is connected to the users and does not seek to improve
the communication quality, unlike Reward 2.

Results with dynamic inter-episode clusters: In this sce-
nario, we focus on the case where the user clusters are static
during the duration of an episode, but at the start of a new
episode (during training and evaluation), they are randomly
located within a given area of the environment. We only
consider Reward 2 as it gives better throughput than Reward
1. We can see in Fig. 7 that the UAVs adapt their trajectory
at each episode according to their observations and given
the different positions of the user clusters. This randomness
introduces variability in the results, requiring more extensive
learning from the UAVs. However, the algorithm adapts well
to this uncertainty, as it achieves an average user throughput
of over 5 Mbps.

VI. CONCLUSION

In this paper, we propose a simulator to train and test RL-
based UAV navigation solutions for the network coverage
problem. Our simulator is based on the simulator of [11]:
this latter has been completely refactored and extended with a
realistic access communication model. The proposed simulator

has been tested with an Independent DQN algorithm to deploy
UAVs in order to connect users to an existing network infras-
tructure. We show that our simulator can, thanks to its wireless
communication model, train RL solutions with rewards leading
to a better communication quality between UAVs and users
than the one offered by the simulator of [11].

For future work, we plan to test more complex scenarios
in terms of numbers of UAVs and users and their mobility,
as in terms of numbers of obstacles. We will enrich the com-
munication model with multi-user transmissions as the radio
medium sharing between UAVs. We will also include the UAV
energy consumption in the simulator to test UAV navigation
solutions that also incorporate this parameter. We also plan to
explore other multi-agent RL approaches focused on emergent
communication among agents, in order to enable optimized
communication between UAVs and consider dynamic network
topology.
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