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Abstract—The deployment of drone swarms is expected to in-
crease significantly in the coming years, especially for monitoring
and inspection scenarios, as well as hazardous situations, such
as rescue missions in hostile or disaster-stricken areas. Smart
Unmanned Aerial Vehicles (UAVs) are well-suited for these tasks
due to their agility and maneuverability. However, their limited
battery capacity presents substantial challenges, particularly
during missions that demand complete coverage of extensive
areas within a short time frame. This paper presents a Multi-
Agent Reinforcement Learning-based approach for computing
the coverage path of large regions by swarms of UAVs supported
by mobile battery swapping stations. By implementing advanced
path optimization algorithms, it is possible to enhance the
efficiency and effectiveness of UAV operations. These algorithms
can reduce travel distance, optimize battery swapping during
the mission, minimize energy consumption, and ensure compre-
hensive area coverage. Incorporating real-time data and adaptive
strategies can further refine path planning, enabling UAV swarms
to adapt to environmental changes and mission requirements
dynamically. This approach not only maximizes the operational
lifespan of the UAVs, but also ensures the timely and accurate
completion of critical tasks in challenging environments.

Index Terms—Reinforcement Learning, Swarm of UAVs, Mo-
bile Charging Stations, Energy Efficiency.

I. INTRODUCTION

In recent years, technological advancements have led to
a proliferation of Unmanned Aerial Vehicles (UAVs) across
various civil and commercial applications, including logis-
tic delivery, monitoring, inspection, etc. [1]–[4], [16]. UAV
swarms have emerged as valuable tools in critical fields,
notably the military and rescue sectors, for supporting coordi-
nated operations within large and challenging scenarios. For
instance, during disaster management and rescue efforts, small
UAVs are particularly well-suited due to their exceptional
maneuverability and rapid deployment. On the other hand,
deploying multiple UAVs simultaneously in large and critical
missions presents several challenges: (1) The swarm must
efficiently cover the entire area in the shortest time, avoiding
redundant path overlaps; (2) UAVs must avoid collisions with
each other and with obstacles; (3) The path for each UAV
must be coordinated to optimize energy consumption; and (4)
Extended missions may require multiple battery replacements,
leading to unnecessary energy and time waste from repeated
trips to the stationary charging station.

The primary constraint on flight time for small UAVs is the
limited capacity of the batteries that can be installed due to
stringent space and weight restrictions. At present, the majority

of small battery-powered UAVs on the market can fly for a
maximum of one and a half hours [5]. This battery limitation
becomes even more pronounced during missions requiring
real-time processing, such as streaming and onboard imaging,
or in harsh weather conditions.

Numerous strategies have been suggested to address the
limitations of UAV batteries. In particular, since UAV batteries
are easily interchangeable, some research has focused on
integrating fixed stations along UAV flight paths to replace
depleted batteries [6], [7]. On the other hand, the efficient joint
coordination of UAVs and mobile charging stations remains an
open research challenge, as well as effective solutions capable
of recalculating their paths in real-time according to actual
field conditions.

The Vehicle Routing Problem (VRP) involves efficiently
dispatching a fleet of trucks with varying capacities to serve
a group of geographically scattered customers. Over time, the
classical VRP has evolved through numerous extensions to
incorporate additional real-world factors and complexities. A
recent taxonomic review of the VRP is detailed in [8]. The
classical VRP is not enough for planning drone deliveries as
it does not accommodate multiple trips to the depot, which
can lead to an excess of drones. Furthermore, it overlooks the
effects of battery and payload weight on energy consumption,
resulting in costly or impractical routes, as highlighted in [9].
The study by [10] underscores the complexity of UAV routing
and formalizes the UAV Routing and Trajectory Optimization
Problem. In [11], a mobile ground vehicle (GV) restricted to
a road network is proposed as a refueling station for UAVs.
In [12], the authors examine a routing problem for UAVs mon-
itor areas with varying accuracy requirements, determining the
optimal height for each visit. Lastly, [13] focuses on rescue
missions, introducing a VRP variant called the synchronized
networks VRP with multiple UAVs and charging stations.

This study presents a Multi-Agent Reinforcement Learning
(MARL)-based strategy for energy consumption optimization
through the use of mobile ground stations (MBSs) for UAV
battery swapping. It aims at minimizing the overall energy
consumption and battery swapping while planning the path of
MBSs and a swarm of UAVs tasked with complete coverage of
a large area. An experimental campaign is presented, in which
three different MARL-based algorithms, exploited to optimize
in a coordinated manner the path planning of both the swarm
of UAVs and MBSs, are compared.
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II. REINFORCEMENT LEARNING-BASED APPROACH

Unlike other Machine Learning paradigms, such as su-
pervised and unsupervised learning, Reinforcement Learning
(RL) works in a trial-and-error fashion by interacting with its
environment. Some key elements of RL are:

• Agent: It is a software program that interacts with the en-
vironment for learning and making intelligent decisions.
In the RL context, an agent is a learner.

• Environment: It is the world where the agent lives and
with which it interacts.

• State and action: A state is a position or a moment in the
environment that the agent can be in. The state is usually
denoted by s. The agent interacts with the environment
and moves from one state to another by putting into effect
an action denoted by a.

• Reward: Based on the performed action, the agent re-
ceives a reward. A reward is a numerical value that allows
the agent to understand whether the action performed in
a state is a valid choice. The reward is denoted by r.

In various applications, such as games and autonomous
vehicle fleets, multiple agents often train concurrently while
executing local policies independently (i.e., without a central
decision-maker). This scenario leads to Multi-Agent Rein-
forcement Learning (MARL), which presents a broader and
more complex set of challenges compared to single-agent RL.
MARL problems can be categorized into three groups based
on the degree of collaboration and competition among agents:

• Fully cooperative environments: In this context, all agents
in the environment work towards a common goal. Agents
are credited equally for performance revealed by the
environment, so there is no incentive for any of the agents
to deviate from the common task.

• Fully competitive environments: In fully competitive en-
vironments, the success of one agent means failure for the
others. Therefore, such settings are modeled as zero-sum
games:

∑Agents
i=1 gi = 0, where g is the reward.

• Mixed cooperative-competitive environments: The last
type of environment involves both collaboration and
cooperation between agents. These environments are usu-
ally modeled as general sum games:

∑Agents
i=1 gi = R,

where g is the reward and R is a type of reward that all
agents can collect.

A few complex and challenging issues related to MARL are
discussed below.

• Non-stationarity: The mathematical basis for single-agent
RL is the Markov Decision Process (MDP), which as-
sumes that the environment’s dynamics depend only on
the current state, not on history. This stationary envi-
ronment assumption is crucial for many RL methods
to converge. In MARL, the simultaneous learning and
behavioral changes of multiple agents invalidate this as-
sumption, complicating the analysis compared to single-
agent RL.

• Scalability: The non-stationarity issue admits one possi-
ble solution, which is to take into account the actions of

the other agents, such as using a joint action space. As
the number of agents increases, this becomes increasingly
intractable, which makes scalability an issue in MARL.

• Unclear reinforcement learning objective: In single-agent
RL, the objective is maximizing the expected cumulative
return. On the other hand, there is no such unique
objective defined by MARL.

• Information sharing: Another important challenge in
MARL is to design the information-sharing structure be-
tween all agents. There are three alternative information
structures that we can consider:

– Fully centralized: All the information collected by
the agents is processed by a central mechanism, and
the local policies leverage this centralized knowl-
edge. The advantage of this structure is the full
coordination between the agents. On the other hand,
this could lead to an optimization problem that won’t
scale as the number of agents grows.

– Fully decentralized: No information is exchanged
between the agents and each agent would act based
on their local observations. The obvious benefit is the
absence of a centralized coordinator. On the flip side,
the actions of the agents would be suboptimal due
to their limited information about the environment.
In addition, RL algorithms might have a hard time
converging when the training is fully independent
due to high partial observability.

– Decentralized but networked agents: This structure
would allow information exchange between small
groups of (neighbor) agents. In turn, this would help
the information spread among them. The challenge
here would be to create a robust communication
structure that would work under different conditions
of the environment.

A. A Multi-Agent Environment Challenge

In the MARL context, it is possible to overcome the
non-stationarity of the environment by taking into account
the actions of the other agents. A Q function in a Single-
Agent Reinforcement Learning (SARL) context is defined as
Q(s, a) : S × A → R, where S and A are the state space
and the action space respectively, which is a function from
a state-action pair to a real number that represents the agent
reward. The aforementioned non-stationary problem can be
overcome by defining a slightly more sophisticated Q function
that incorporates knowledge of the actions of other agents.
That said, it is possible to define a Q function defines as
follows:

Qj(s, aj , a̸=j) : S×Aj ×A ̸=j → R. (1)

The MARL Q function for the jth agent takes a tuple of
the state, agent j’s action and all the other agents’ actions
(denoted with ̸= j) to the predicted reward for this tuple.
This Q function guarantees convergence, eventually learning
the optimal value and policy functions, resulting in improved
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performance. However, this Q function becomes intractable as
the number of agents increases due to the exponential growth
of the joint action space A ̸=j . The exponential growth is due
to the encoding of actions using one-hot vectors. For instance,
with four available actions (UP, DOWN, LEFT, RIGHT), the
action UP is encoded as [1, 0, 0, 0].

The agent policy, defined as σ(s) : S → A, is a function that
takes a state as input and returns an action. The exponential
growth is due to the representation of the joint action. In an
environment with two agents and four actions available for
each agent, the joint action length is 42 = 16. Generally,
the size of the joint action vector is |A|N , where |A| is the
cardinality of the action space and N is the number of agents.
This results in a vector of exponential growth in the number
of agents, which becomes impractical and unmanageable as
the number of agents increases.

B. A Multi-Agent Environment for a Swarm of Drones

In multi-agent environments, interactions among au-
tonomous agents present unique challenges and opportuni-
ties. These environments often involve multiple agents with
different goals, capabilities, and information, necessitating
sophisticated coordination and negotiation mechanisms for
effective collaboration. Key considerations include:

• (i) how agents perceive and reason about their environ-
ment and neighboring agents,

• (ii) how they communicate and exchange information,
and

• (iii) how they adapt their strategies in dynamic and
uncertain settings.

The design and analysis of multi-agent systems are further
complicated by the emergence of complex behaviors and
collective intelligence arising from agent interactions. Tackling
these challenges demands a thorough understanding of agent
behaviors, interactions, and environmental dynamics, as well
as the development of innovative algorithms and frameworks
for efficient, scalable coordination.

In the considered scenario, the environment contains both
the UAV agents and the MBS agents. For the former agents,
the environment has been created by dividing the area to cover
as a grid of dimension N × M , where N and M represent
respectively the number of rows and columns. The grid world
contains unexplored cells marked in white and explored ones
marked in black. The first simulation has been put into effect
using three UAVs, represented by the red, green, and blue
circles as shown in Fig. 1. For the MBS agents, the scenario
remains completely unchanged. It is worth noting that the
Q function related to the MBS agents needs to take into
account the information concerning all the MBS agents more
than the information related to all the UAVs. This necessity
significantly complicated the simulation, limiting the number
of UAVs used in the simulation itself.

The agents provide one of the possible movement actions
to their respective UAVs. The agents decide whether an action
is legal or illegal. For example, an action of moving LEFT
when the UAV is located next to the left boundary of the

Wind Distribution Self Channel Friends Channel Coverage Channel

Fig. 1: Drone’s agent input.

environment is deemed illegal. Similarly, actions for colliding
against obstacles and other agents in the environment are
illegal actions and hence draw penalties. The overall goal is
to explore all cells within a fixed time frame.

At each time step, a UAV agent observes the environment
using an N ×M × 4 image. Each of the four channels in the
image captures the following information in order:

• Cells containing wind information that has been gener-
ated by using a numerical simulation;

• Current position of the UAV (self) being controlled;
• Position of other (friend) UAVs;
• Cells that have been explored during the episode.
At each time step, UAV agents receive the following re-

wards:
• +2 for moving to a previously unexplored cell (white in

Fig. 1);
• -3 for an illegal action (attempt to move outside the

boundary or collide against other UAVs or obstacles);
• -1 for an action that results in no motion (lazy penalty);
• -0.5 for moving to an explored cell;
• +100 if the grid is fully explored.
At the same time, any MBS agent receives as input a vector

of numbers containing all the information related to the actual
state of charging of all UAV agents plus information relative
to the UAV agent’s position. At each time step, MBS agents
receive the following rewards:

• +2 for moving towards the UAV agent with the minimum
state of charging;

• -2 for moving away from the UAV agent with the
minimum state of charging;

• -1 for moving towards any other MBS agent;
• -3 for an illegal action (attempt to move outside the

boundary or collide against other MBS agents);
• +100 if a UAV agent can reach the closest MBS agent

with the charging state remaining.
For the MARL agent simulation only, various algorithms

designed for discrete action spaces have been tested. The Ad-
vantage Actor-Critic (A2C) algorithm was initially employed
to establish a benchmark. Subsequently, the Asynchronous
Advantage Actor-Critic (A3C) was utilized for further eval-
uation. Among the tested algorithms, the Proximal Policy
Optimization (PPO) achieved the best performance.

C. MARL Simulation Results

As previously mentioned, the simulation has been realized
by using three UAV agents, as illustrated in Fig. 2, by using a
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red, green, and blue dot and two MBS agents. The environment
has been created by using OpenAI’s Gym library called
Gymnasium [14], whose interface is simple and capable of
representing general RL problems, and has a compatibility
wrapper for old Gym environments. All the other components
have been put into effect using Tianshou [15], which is an
RL platform based on pure PyTorch. Tianshou provides a
fast-speed framework and Pythonic API for building the deep
reinforcement learning agent.

At the start of the simulation the ϵ parameter, which governs
the agent’s exploration strategy, may lead to some invalid
moves as the agent relies on random actions to gather initial
information. Over time, ϵ is adjusted dynamically based on
problem-specific trends to refine the agent’s policy.

Tab. I provides a summary of the average MARL training
times for the involved agents as the dimension of the state
space increases. Specifically, the board on which the UAV
drones operate is divided into cells along the x and y axes,
with the number of cells corresponding to the values listed in
the aforementioned table.

TABLE I: Execution time of the MARL training.

Scenario Exec. time (s)

Grid (16 ∗ 103) 0.0648
Grid (24 ∗ 103) 0.1269
Grid (32 ∗ 103) 0.3402
Grid (36 ∗ 103) 2.17755
Grid (48 ∗ 103) 58.8573
Grid (56 ∗ 103) 339.7351
Grid (60 ∗ 103) 2055.7082
Grid (64 ∗ 103) 3354.00

Fig. 2 shows a result of the MARL simulation. The UAV
used in the simulation have been capable of carrying out their
mission covering the entire initial area to explore.
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Fig. 2: Multi-Agent covered area.

Fig. 3 illustrates the convergence behavior of the three drone
agents during the MARL simulation, comparing the results
obtained from the three considered algorithms. The simulation
spans 500 episodes, providing sufficient time for the agents
to converge. Fig. 4 shows the variation in episode length
throughout training. This metric converges to a minimum
by the end of training, depending on the algorithm used.
Initially, agents rely heavily on exploration, navigating to
gather information. Over time, as experience accumulates from
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Fig. 3: Episode reward for each drone agent.
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Fig. 4: Episode length for each drone agent.

previous episodes, agents become more efficient, navigating
with greater awareness and making fewer errors.

Fig. 5 shows the average cumulative energy used by UAVs,
while Fig. 6 shows the average mission time. Both previous
figures compare the three algorithms against the number of
involved UAVs.

Finally, Fig. 7 highlights the convergence patterns of the two
MBS agents operating on the ground, while Fig. 8 depicts the
episode lengths during their training. These results reflect the
performance differences across the applied algorithms.
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Fig. 5: MARL UAVs cumulative energy.
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Fig. 6: MARL UAVs mission time.
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Fig. 7: MBS episode reward.

III. CONCLUSIONS

Regarding the resolution of the problem using a MARL
approach, it uses a stochastic approach. The training stage
requires a set of parameters, a.k.a. hyperparameters, which
have to be tuned to find the correct set of values that per-
mits obtaining the best performance. For the training stage,
a valid dataset has been created by using our simulation
framework [16], to permit the MARL system to properly
generalize the flying and ground conditions. As mentioned in
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Fig. 8: MBS episode length.

Sec. II-A, the exponential growth depends on the way the
joint action is represented. Hence, the size of the joint action
vector will be |A|N , where |A| represents the cardinality of the
action space, while N is the number of agents. This is a vector
of exponential growth against the number of agents, which
is impractical and almost unmanageable for any significant
number of agents.
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