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In urban environments, the path planning (PP) of unmanned aerial vehicles (UAVs) presents significant challenges, particularly since they
are tasked with executing various operations in crowded areas. This scenario can be framed as a Multiple Traveling Salesman Problem
(MTSP), where multiple drones must efficiently visit a set of target locations while ensuring safety and collision avoidance. The high
density of obstacles, such as buildings, trees, and other aerial vehicles, increases the risk of collisions, making effective PP essential for
operational safety. This paper proposes a two-stage PP approach to address these challenges. In the first stage, we introduce an improved
Particle Swarm Optimization (PSO) algorithm for task allocation (TA), assigning each UAV a unique task queue to minimize the overall
flight distance while ensuring efficient coverage of the target area. In the second stage, we employ a multi-agent reinforcement learning
algorithm for PP and incorporate a safe action correction module that operates independently to adjust actions, thereby enhancing
collision avoidance capabilities. Experimental results demonstrate that our approach reduces the probability of collisions with obstacles
by 9% compared to the Multi-Agent Deep Deterministic Policy Gradient (MADDPG) algorithm while also increasing the success rate of
drone mission execution by 10%. This validates the effectiveness of our strategies for safe and efficient multi-drone operations in urban
environments.
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1. Introduction

In recent years, the advancement and deployment of UAVs
[1] have gained substantial attention due to their versatility
across a wide range of applications [2, 3]. Efficient close-
loop [4–8] path planning (PP) for multi-UAV systems is
essential, as it enables these UAVs to perform complex tasks
[9–11] in a coordinated manner, improving mission success
and resource utilization [12]. Multi-UAV PP applications in
urban environments are broad, covering inspection tasks
[13–18] delivery [19–21], exploration missions [22–24],

field survey [25–28], disaster response [29–32], and target
searching [33–35]. For instance, in multi-UAV goods or food
delivery, coordinated UAVs enable efficient and timely dis-
tribution across multiple locations. In disaster scenarios,
UAVs can rapidly assess damage [32] and deliver aid to
disaster zone [36]. Additionally, in clinical emergencies,
optimized PP [37] allows UAVs to quickly transport medical
supplies [19–21] in 3D space, significantly reducing deliv-
ery time from supply points to patients [38] while ensuring
safe low-altitude flight operations.

The diverse applications [39, 40] of drones in urban
environments [41–44] highlight the critical need for robust
multi-UAV PP systems in 3D. Although 2D system [41,
45–51] has been well explored, expanding 2D solution [52]
into multi-agent 3D navigation [31, 53, 54] is still relatively
challenging. Consequently, this study focuses on solving the
PP problem for multiple UAVs operating in low-altitude
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urban areas [3, 55], where effective coordination is essential
to fulfill complex mission requirements [44].

In the delivery task scenario illustrated in Fig. 1, several
key operational constraints are considered to ensure suc-
cessful and safe flight missions. First, multiple UAVs are
deployed from different starting locations, each assigned to
reach a unique set of target points, with only one drone
assigned per target to avoid redundancy. Second, all des-
ignated target points within the environment must be vis-
ited efficiently to optimize mission coverage. Third, UAVs
are required to navigate through the urban landscape while
actively avoiding collisions with obstacles [56, 57], such as
buildings [58], and other structures [59] as well as
maintaining safe distances from fellow drones in shared
airspace.

Various methodologies have been developed for this
problem, primarily categorized into Node-Based Optimal
Algorithms [60], Sampling-Based Algorithms, Bio-Inspired
Algorithms, and Reinforcement Learning Methods [61].
Node-Based Optimal Algorithms, such as Dijkstra’s Algo-
rithm [62] and A-star Search Algorithm [63], focus on
finding the shortest paths by evaluating discrete nodes,
making them suitable for static environments. In contrast,
Sampling-Based Algorithms like Rapidly-exploring Random
Trees (RRT) [64] and Probabilistic Roadmaps (PRM) [65]
utilize probabilistic sampling to navigate complex, high-di-
mensional spaces, enabling efficient pathfinding in dynamic
urban landscapes. Bio-inspired algorithms, including Ge-
netic Algorithms (GAs) [66] and Ant Colony Optimization
(ACO) [67], draw inspiration from natural processes,
effectively solving optimization problems through mechan-
isms like natural selection and collective behavior.
Reinforcement Learning Methods, such as Deep
Q-Networks (DQN) [68], and Proximal Policy Optimization

(PPO) [69] enable drones to learn optimal PP strategies
through interactions with their environment, adapting to
dynamic conditions and improving decision-making over
time.

Sampling-Based and Node-Based Optimal Algorithms
[24, 70, 71] often suffer from high computational com-
plexity in complex scenarios, making them less suitable for
real-time applications. Biologically inspired methods, how-
ever, face challenges in obstacle avoidance and performance
instability in dynamic urban environments due to their re-
liance on stochastic processes. Additionally, in environ-
ments with numerous obstacles, these methods may
converge to suboptimal solutions, adversely affecting the
efficiency and reliability of drone operations. The effec-
tiveness of reinforcement learning algorithms in obstacle
avoidance and task allocation (TA) [72] highly depends on
the design of the reward function. There is no mechanism to
ensure safety by itself, and the path length optimization also
depends on the reward function. A reasonable reward
function is crucial, and improper design may lead to poor
learning results. Existing methods often exhibit high
computational complexity in complex scenes [44], which
restricts their use in real-time tasks. Additionally, changes
in obstacles within dynamic environments pose a safety
risk for UAVs.

Therefore, to effectively implement multi-drone PP, this
paper divides the entire workflow into two main phases: TA
and PP. In the TA phase, we begin by identifying and de-
fining the specific tasks that need to be accomplished by the
drones. This process involves analyzing environmental
conditions to ensure that each drone is allocated to the most
suitable task. By optimizing TA, we can enhance the
overall efficiency and task completion rate of the system.
In the PP phase, we design optimal flight paths for each
drone based on the assigned tasks. This process requires
consideration of the interrelationships among the drones,
avoidance of potential collision risks, and minimization of
flight time.

To avoid collisions, we design a safety action correc-
tion module for multi-agent systems that operates inde-
pendently of the multi-agent reinforcement learning
algorithm. This module can be trained using customized
safety constraint functions based on different task sce-
narios and can be applied after the policy network of
any multi-agent reinforcement learning algorithm to
correct the outputs of the policy layer. Specifically, our
safety action correction module enables coordination
between agents. This functionality ensures that different
UAVs can effectively avoid potential collision risks while
executing tasks and achieve safe and efficient collabora-
tion in dynamic environments.

Fig. 1. This image illustrates the PP application of the UAV swarm
in the logistics.
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In particular, our work entailed as follows:

. We propose a two-phase multi-agent intelligent frame-
work to achieve both safety and efficiency in PP.

. We design a safety action correction module independent
of the multi-agent reinforcement learning algorithm.

. Our safety action correction module enables coordination
among UAVs to ensure efficient collaboration.

. We will open-source our proposed methods and simula-
tion environment to contribute to the community and
foster advancements in UAV PP and urban navigation
research at https://github.com/ruifeng24/GACM-
MARL.

2. Related Work

Traditional UAV PPmethods usually rely on basic algorithms
and heuristic rules. These include evolutionary algorithms,
simulated annealing algorithms, shortest path algorithms,
like Dijkstra’s algorithm and A-star algorithm. Bai et al. [73]
combined the A-star algorithm and artificial potential field
method to realize the PP of UAV. However, the A-star algo-
rithm [74] presents challenges for multi-UAV PP due to its
single-agent characteristics, reliance on global environmen-
tal information, and focus on finding a single optimal path,
rather than considering system-level global optimization
objectives [74].

As deep reinforcement learning has advanced [75–82], an
increasing number of researchers have started to investigate
its potential for use in UAV PP. The multi-layer DQN algo-
rithm proposed by Cui and Wang [83] uniquely combines
global and local information, significantly enhancing the
overall performance. In this approach, the bottom layer
manages the long-term strategies based on the global infor-
mation, while the upper layer focuses on the short-term
tactics using the local data [84–98] to avoid collisions
[99–106]. The end-to-end deep neural network [107, 108]
enables obstacle avoidance in mobile robots by mapping
depth images to control commands, using convolutional
layers for feature extraction and fully connected layers to
optimize action selection for safe navigation. The Bnd�-
DDQN algorithm [109] combines Bnd� for long-term PP
with DDQN for short-term control, enabling efficient and
adaptive autonomous steering in complex environments. In
order to design three-dimensional paths, Xie et al. [110] pro-
vided a deep reinforcement learningmethod that uses relative
distance and local information instead of global information.
The TDPP-Net [111] enables efficient 3D PP for autonomous
navigation, reducing computational time while maintaining
path quality through action decomposition and composition.
Wu et al. [112] proposed OTDPP-Net, a DNN-based

architecture for real-time 3D PP in unknown environments,
achieving near-optimal navigationwith enhanced path quality
via recurrent value iterations and line-of-sight checks. The
recent DRLmodel [113] integrates a novel feature extractor, a
double-source experience scheme, and a dual-soft-actor-critic
setup to enhance learning efficiency and performance, sur-
passing conventional and state-of-the-art methods in success
rate, trajectory quality, and generalization.

However, for complex tasks, multiple UAVs can perform
flight tasks in parallel to improve efficiency. The use of
multiple UAVs can more flexibly adapt to the changing en-
vironment. When one agent encounters obstacles or new
situations, other agents can adjust their policies to support
the overall goal, improving the robustness and adaptability
of the system. Luo et al. [114] studied the problem of edge
computing enabling multiple UAVs to cooperate in target
search, and developed a deep reinforcement learning
framework based on DQN to effectively optimize mission
unloading decision and flight direction selection, minimiz-
ing the uncertainty of the search area. Liu et al. [115]
propose a new multi-UAV trajectory design framework
based on multi-agent Q-learning. Yan et al. [116] use the
dueling double deep Q-Networks (D3QN) method to take a
set of observations as inputs to approximate the Q values
corresponding to all candidate operations, and the pro-
posed algorithm can achieve higher cumulative rewards
and success rates compared to the DQN algorithm. Hong
et al. [117] extended the TD3 model to the continuous ac-
tion space of the UAV. They trained the modified TD3 model
through Offline reinforcement learning to reduce the
training overhead of the reinforcement learning model
[118–121]. Especially, the improved TD3 model can select
the energy-saving path in real-time. The multi-agent deep
deterministic policy gradient (MADDPG) [122] algorithm is
a state-of-the-art MARL algorithm that performs well in
multi-agent collaborative, competitive or mixed environ-
ments. Many researchers have implemented multi-agent PP
[123] based on MADDPG. Qie et al. [12] propose an AI ap-
proach based on the MADDPG algorithm for simultaneous
target assignment and path planning (STAPP). The
MADDPG framework is used to train the system according
to the corresponding reward structure to solve both goal
assignment and PP problems. The proposed system can
effectively handle dynamic environments because its exe-
cution requires only the location of the UAV, the target, and
the threat area. The system can solve the problem of target
assignment and PP at the same time, and deal with the
dynamic environment due to the change of environment in
training. Wang et al. [124] proposed a trajectory control
algorithm based on MADDPG to independently manage the
trajectory of each drone.

Nevertheless, numerous challenges arise in real-world
scenarios. Many new solutions have been proposed to keep
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drone clusters from colliding with obstacles. Model predictive
control (MPC) can handle several restrictions and cost func-
tions simultaneously through optimization [125]. Zhang et al.
[126] realized the PP in a 3D environment and used the hier-
archical PP algorithm as the global path planner to calculate
the near-optimal path composed of a group of path points. And
design a local path planner that uses nonlinear MPC to track
the path calculated by the global path planner while satisfying
multiple constraints of dynamics and environment. Alrifaee et
al. [127] proposed to applyMPC to vehicle collision avoidance.
The vehicle model adopts the Taylor linearization method,
linearizes around the steady-state operating point, takes ve-
hicle collision avoidance as a constraint condition, and
expresses it as a quadratic function. Finally, the vehicle is
controlled by optimizing MPC. Another way is to incorporate
safety constraints into the reinforcement learning algorithm.
Cai et al. [128] proposed a combination of distributed control
barrier functions (CBF) and theMADDPG algorithm to achieve
collision avoidance in multi-agent cooperation scenarios to a
certain extent. CBF is integrated into every agent and can en-
sure the security of the system by forcing the invariance of the
security set. Gu et al. [129] constructed a theoretical frame-
work based on the Constrained Markov Decision Process
(CMDP) model, incorporating a trust region approach to en-
sure that each iteration incrementally enhances the reward
function while adhering to the specified safety constraints.
Sheebaelhamd et al. [130] enhanced the well-established
MADDPG framework by incorporating a safety layer, which
employs soft constraints, into the deep policy network. Recent
approaches made use of attention mechanism [131–133] for
long horizon PP [134, 135], but often for simple low-dimen-
sional space environments.

3. Preliminaries

3.1. Reinforcement learning

In the field of artificial intelligence, a reinforcement-learn-
ing agent is engineered to make a series of decisions while
actively engaging with its environment. This environment is
often conceptualized as an ongoing, long-term discounted
Markov decision process (MDP), providing the agent with a
framework for learning and adapting its decision-making
strategies over time. The MDP is defined by hS;A; P;R; �i,
where S and A represent the state and action spaces. P
denotes the transition probability from any state st to s 0t for
any given at . R refers to the reward obtained by taking
action at at state st to reach state s 0t . � is the discount factor
that trades off the instantaneous and future rewards.

Multi-agent reinforcement learning is a branch of rein-
forcement learning that involves multiple agents interact-
ing, collaborating, or competing in a shared environment to

reach individual or collective goals. MARL aims to enable
multiple agents to autonomously learn and make decisions
to achieve task goals in complex and dynamic environ-
ments. The multi-agent environment is modeled by a Mar-
kov game [136], which is defined as

hN; S;Ai
i21;...;N; P;Ri

i21;...;N; �i:
. N represents the number of agents.
. S represents the environment shared by all agents.
. Ai represents the set of actions that the ith agent can take.
. P represents the probability of transitioning from state s
to s 0 when taking action A.

. Ri represents the reward received by the ith agent for
taking action a in state s.

. � represents the discount factor.

3.2. Safe Multi-agent reinforcement learning

Safe Reinforcement Learning can be characterized as the
procedure of acquiring policies that maximize the expected
return in scenarios where it is crucial to guarantee ade-
quate system performance and adhere to safety restrictions
throughout the learning and implementation processes
[137]. This approach is particularly useful when the learn-
ing process poses a potential risk to the system or envi-
ronment or when the system is required to operate within
certain safety limitations.

The Safe MARL problem is typically defined as a multi-
agent Constrained Markov Game (MA-CMG) [129]. MA-CMG
can be considered as the tuple hN; S;Ai

i21;...;N;
P;Ri

i21;...;N; �; Ci:
C ¼ C i

j

� � i2N
1�j�mi

: ð1Þ
. C represents the constraint functions.
. mi represents the number of constraint functions for
agent i.

The agents’ goal is to maximize the joint return, given by

Jð�Þ ¼ Es0��;a0��;s1�P

X1
t¼0

� tRðst; atÞ
" #

: ð2Þ

The equation delineates the expected return, denoted by
Jð�Þ, that is anticipated when following a policy � in a MDP.
Here, E signifies the expectation operator, which averages
over all possible occurrences of random variables. The se-
quence s0; a0; s1; . . . represents the trajectory generated by
interacting with the environment under policy �, where st
denotes the state at time step t, and at represents the action
taken at that same time step. The initial state s0 is sampled
from the distribution �, typically representing the start state
distribution of the MDP. Actions at are chosen according to
the policy �, while the next state stþ1 is determined by the
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transition probability P of the environment given the cur-
rent state-action pair. The summation inside the expecta-
tion runs over an infinite horizon, with each reward Rðst ; atÞ
discounted by a factor of � t , where � is the discount factor
ensuring convergence of the series for � 2 ½0; 1Þ. This for-
mulation encapsulates the long-term value of a policy, bal-
ancing immediate rewards against potential future gains.

Meanwhile, it obeys the safety constraints

J ijð�Þ ¼ Es0��;a0��;s1�P

X1
t¼0

� tC i
jðst; atÞ

" #
: ð3Þ

The function C i
jðst; atÞ represents a safety constraint

evaluating whether taking action at in state st complies with
the ith safety criterion concerning the jth aspect of the
system, ensuring responsible and bounded behavior in de-
cision-making processes.

4. Proposed Solution

Our main objective is to achieve multi-UAV PP in this 3D
urban environment while ensuring the safety of the path to
a certain extent.

4.1. Environment

The city comprises diverse buildings that differ in size,
height, and geometric configuration. Each of these buildings
is uniquely identified by Bi, where i is the index of the ith
building, i 2 1; 2; . . . ;Nb, with Nb representing the total
number of buildings in the area. Diverse buildings not only
make the scene more realistic but also bring challenges to
the agent’s PP and obstacle avoidance.

We used the Unity engine to build a 3D model of the city
environment and developed custom scripts to program-
matically control the agent’s behavior and reward system.
Furthermore, by implementing the Remote Procedure Call
(RPC) mechanism, the seamless communication between
the reinforcement learning algorithm and the Unity envi-
ronment was realized, so as to effectively convert the de-
cision output of the learning algorithm into the dynamic
movement and interaction actions of the agent in the virtual
city environment.

4.1.1. Representations

State estimation plays a vital role in the autonomous navi-
gation of drones, as it provides essential observational
feedback to the system, ensuring accurate and reliable op-
eration. The observation space, representing the informa-
tion available to each UAV i at time t, is denoted by the state

vector s ti , which encapsulates the UAVs properties, envi-
ronmental perceptions, and inter-agent spatial relationships.
Formally, this state is defined as s ti ¼ ½pt

i ; v
t
i ;

Rt
i ; d

t
io1 ; . . . ; d

t
iom ; d

t
ig; d

t
it1 ; . . . ; d

t
itk �, where pt

i 2 R3 is the po-
sition, v t

i 2 R3 is the velocity, Rt
i 2 R3 is the angle, d t

io� 2 R3

are the relative positions to obstacles, d t
ig 2 R3 is the relative

position to the goal, and d t
it� 2 R3 are the relative positions to

other teammates. The relative positions of UAV i and other
observation j can be calculated from Eq. (4). This compre-
hensive state representation provides each UAV with a
nuanced understanding of its dynamic environment, which is
crucial for informed decision-making:

dij ¼
xi � xj

jjPi � Pjjj2
;

yi � yj
jjPi � Pjjj2

;
zi � zj

jjPi � Pjjj2

� �
: ð4Þ

Building upon this comprehensive observation space, the
action space is defined todelineate the range of control inputs
available to each UAV, enabling them to interact with and
navigate through their environment. Specifically, for UAV i at
time t, the actions comprise two distinct components: the
angular velocity, denoted by ! t

i 2 R, which controls the ro-
tational movement of the UAV, and the acceleration vector,
denoted by at

i 2 R3, which governs the translational motion
of the UAV in three-dimensional space.

The interaction between the observation and action
spaces is governed by the propagation model, which dic-
tates the temporal evolution of each UAVs state. By repre-
senting the UAVs pose using the Special Euclidean group
SEð3Þ, we denote the pose at time t as follows:

T t
i ¼

Rt
i p t

i

0T 1

� �
; ð5Þ

where Rt
i 2 SOð3Þ is the rotation matrix and pt

i 2 R3 is the
position vector. The orientation update is determined by
the angular velocity ! t

i through the exponential map on
SOð3Þ, yielding as follows:

Rtþ1
i ¼ Rt

i expð!̂ t
i Δ tÞ; ð6Þ

where !̂ t
i is the skew-symmetric matrix of ! t

i and Δt is the
time step. Velocity v t

i is updated using the first-order Euler
integration as follows:

v tþ1
i ¼ v t

i þ Rt
i a

t
i Δt ð7Þ

reflecting the change due to acceleration. Finally, Position
pt
i is updated based on the new velocity, resulting in the

following equation:

ptþ1
i ¼ pt

i þ v tþ1
i Δt: ð8Þ

This unified formulation provides a coherent and mathemati-
cally rigorous framework formulti-UAVPP, enabling the agents
to learn effective policies for navigating complex environments
through the iterative process of reinforcement learning.
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4.1.2. Rewards

In the PP task of a multi-UAV system in a city environment,
designing a reasonable reward mechanism is crucial to en-
sure the UAV can learn a policy to navigate to the goal point
safely and efficiently. In order for the UAV to perform better
in this complex environment, multiple rewards need to be
designed. We construct an aggregate reward function R.

R ¼ wa � faðtÞ þ rarr þ rc þ rb; ð9Þ

faðtÞ ¼ jjPuðtÞ; PgðtÞjj2 � jjPuðt � 1Þ � Pgðt � 1Þjj2; ð10Þ
. faðtÞ represents the reward for approaching the goal at

time t.
. rarr represents the reward for arriving at the target at

time t.
. rc represents the reward for colliding the obstacles and

other UAVs at time t.
. rb represents the reward beyond the scene boundary at

time t.
. wa represents the weight coefficient.

Based on several experiments, the optimal configurations of
the hyperparameters in the reward function are shown in
Table 1.

4.1.3. Safety constraints

To ensure that UAVs do not collide with obstacles or each
other during flight, we construct a comprehensive mathe-
matical model that clearly defines the trajectories and their
associated constraints. First, let N denote the number of
UAVs. The motion trajectory of each drone can be expressed
as a time-parameterized function as follows:

riðtÞ ¼ ðxiðtÞ; yiðtÞ; ziðtÞÞ; 8i 2 f1; 2; . . . ;Ng;
� t 2 ½t0; tf �: ð11Þ

In this equation, riðtÞ denotes the three-dimensional posi-
tion of the UAV ui at time t, where xiðtÞ, yiðtÞ, and ziðtÞ
represent the drone’s position along the x-, y-, and z-axes,
respectively. Next, to ensure the safe flight of the drones, we
need to define the trajectory set Ti, which contains all
possible states of the drones within a specified time range,

expressed as

Ti ¼ friðtÞ : t 2 ½t0; tf �g 8i 2 f1; 2; . . . ;Ng: ð12Þ

In the PP process, we need to consider two main types of
constraints to ensure the safe operation of the drones. The
first is the obstacle constraint. We define the obstacle re-
gion O mathematically as

O ¼ fðx; y; zÞ 2 R
3 : gðx; y; zÞ � 0g; ð13Þ

where gðx; y; zÞ is a function that describes the boundaries
of the obstacle. To ensure that the trajectories of the drones
do not intersect with the obstacle region O, we require the
following conditions to be satisfied:

Ti \ O ¼ ;; 8i 2 f1; 2; . . . ;Ng: ð14Þ

This condition signifies that the trajectory set of the drones
does not overlap with the obstacle region, thereby ensuring
that the drones will not collide with obstacles during flight.
The second important constraint is related to inter-UAV
collision avoidance. In a multi-UAV system, it is crucial to
ensure that different drones do not collidewith each other at
the same time. This can be expressed mathematically as
follows:

8t 2 ½t0; tf �;
TiðtÞ \ TjðtÞ ¼ ;;
8i; j 2 f1; 2; . . . ;Ng; i 6¼ j: ð15Þ

Here, TiðtÞ and TjðtÞ represent the position of drones ui and
uj at time t, respectively. This notation states that the
positions of any two drones cannot be the same at any given
time t, preventing collisions at that specific moment.

Based on these constraints, we can construct a safe
trajectory set Tsafe, ensuring that all drones execute their
tasks without intersecting with obstacles or the trajectories
of other drones. Specifically, the safe trajectory set can be
defined as

Tsafe ¼
�
riðtÞ : Ti \ O ¼ ;

and 8t 2 ½t0; tf �; TiðtÞ \ TjðtÞ ¼ ;

for all i; j 2 f1; 2; . . . ;Ng; i 6¼ j

�
: ð16Þ

4.2. Multi-UAV path planning

To effectively complete the multi-target point-reaching task
of multiple UAVs in urban environments, a two-stage PP
algorithm is proposed in this study (see Fig. 2). The first
stage of the algorithm is devoted to solving the TA problem,

Table 1. Reward setting.

Symbol Value Remark

!a 1 The weight of faðtÞ
rarr 20 Reward for reaching the goal
rc �5 Reward for collision
rb �1 Reward for beyond boundaries
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and the mapping relationship between each UAV and the
target point is determined through our improved PSO al-
gorithm. The second stage focuses on the safety optimiza-
tion of flight paths and improves the safety and efficiency of
the overall operation by integrating an advanced rein-
forcement learning module. In the following section, these
two stages will be elaborated on separately.

4.2.1. Task allocation

In the first stage, we proposed an improved Particle Swarm
Optimization (PSO) algorithm. In this paper, particles are
defined as the task queues of all UAVs (see Fig. 3). By
modeling the distances between each drone and various
target points, the algorithm can dynamically adjust the
target allocation strategy for the drones to ensure
the minimization of the total path length for all drones.

To achieve this, an objective function is first constructed,
which optimizes for path length while considering the
starting positions of the drones and the coordinates of the
target points. Through iterative updates of the particles’
positions and velocities, the algorithm is able to gradually
converge to the optimal solution over multiple iterations,
effectively achieving an optimized matching between the
drones and the target points.

Our objective is to minimize the total path length from
all UAVs to their respective goals as Function 17.

L ¼
XN
i¼1

XT
j¼1

jjP i
u � P j

gjj2: ð17Þ

First, randomly generate the positions and velocities of the
particles. Due to the limitations imposed by fixed initiali-
zation strategies in swarm intelligence algorithms when
solving optimization problems, this paper introduces chaos
mapping as a new initialization method to enhance algo-
rithm performance. Chaos mapping can uniformly distrib-
ute the initial population in the solution space, thereby
strengthening global search capabilities and increasing the
likelihood of finding the optimal solution. Additionally, the
generated population exhibits good diversity, effectively
preventing the algorithm from falling into local optima and
accelerating convergence speed. Among these, Chebyshev

Fig. 2. This is the overall framework of UAV PP.

Fig. 3. This image shows the definition of particle.
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chaos mapping, with its favorable mathematical properties
and rapid convergence, can produce significant changes in
each iteration as Function (18). Subsequent chapters will
validate the effectiveness of this chaos mapping through
experimental results.

xnþ1 ¼ cosð� � cos�1ðxnÞÞ: ð18Þ
For each particle, update its personal optimal position po

i

as Function (19) and global optimal position po
g as

Function (20).

po
i ¼

pi if f ðpiÞ < f ðpo
i Þ;

po
i otherwise:

�
ð19Þ

po
g ¼ argmin

i
f ðpo

i Þ: ð20Þ

Adjust the velocity and position of the particles based on
the updated individual best and global best solutions as
follows:

v 0
i ¼ w � vi þ c1 � r1 � ðpo

i � piÞ þ c2 � r2 � ðpo
g � piÞ; ð21Þ

p 0
i ¼ pi þ v 0

i: ð22Þ
In this context, w represents the inertia weight, c1 and c2
are acceleration constants, while r1 and r2 are random
numbers uniformly distributed in the interval [0, 1].

In complex search spaces, local optima often hinder the
discovery of global optima. This paper introduces a L�evy
flight mutation operator, which can overcome the limita-
tions of the current solution and explore new regions of the
solution space, thereby effectively avoiding convergence to
local optima. In the context of multi-drone multi-objective
TA, L�evy flight is an exceptionally suitable model. The
characteristics of L�evy flight enable drones to exhibit
superior efficiency in search and exploration. By combining
long-distance jumps with short-range fine searches, it
allows for rapid coverage of extensive search areas. This
flexible movement pattern enables drones to effectively
respond to dynamic environments and targets, thereby fa-
cilitating efficient TA and execution.

This paper introduces an adaptive step length adjust-
ment mechanism. Specifically, the step length L can be dy-
namically adjusted through a feedback mechanism based on
the drone’s performance in the search process (the number
of successful target detections), establishing an adaptive
step length La, as indicated in the following equation:

La ¼ L0 � ð1þ � � PsÞ: ð23Þ
In this context, L0 represents the initial step length, � is a
positive adjustment factor, and Ps refers to the proportion
of tasks successfully completed by the drone over a given
period. A higher success rate indicates that the algorithm
performs well in the current search area. When the success
rate is high, the adaptive step length La increases, which

aligns with the heavy-tailed characteristic of L�evy distri-
bution; the randomness of long step lengths facilitates rapid
exploration of new regions in the solution space.

The generated step length will be used to update the
position of the drone as follows:

p 00
i ¼ p 0

i þ L�
aðpo

i � p 0
iÞ: ð24Þ

4.2.2. Generalized action correction module for MARL

We introduce a generic Generalized Action Correction Mod-
ule (GACM) that aims to enhance the safety of multi-agent
reinforcement learning (MARL) algorithms for PP, shown as
Fig. 4 and pseudocode 1. GACM is designed as a pluggable
component that can be compatible with any multi-agent re-
inforcement learning algorithm, thereby improving the
safety of the action policies generated during learning.

Importantly, the GACM module is not dependent on a
specific MARL algorithm, and its generality allows it to be
integrated into various MARL frameworks, whether value-
based, policy gradient or actor-critic approaches. In this
way, the GACM module significantly improves the overall
safety of multi-agent systems in the face of dynamic and
uncertain environments without requiring large-scale
modifications to the underlying MARL algorithm. This fea-
ture not only improves the practicality of the module, but
also greatly expands its application scope for multi-UAV PP
and wider multi-agent systems.

Following Dalal et al. [138], we design the GACM for each
UAV. Different from the existing safety layer designed for
single agents, GACM is designed to fully consider the inter-
action and coordination between multi-agents. GACM intro-
duced the security considerations of multi-agent interaction
to achieve collective security control. Moreover, GACM has
the ability to resolve dynamic conflicts, which can adjust the
action strategy between multi-agents in real-time.

The training process of the GACM can be completely
independent of the MARL algorithm. We can train a linear
safety-signal model for each drone at the beginning which
can approximate the immediate-constraint functions
c jiðs; aÞ.

c j
iðs 0iÞ ¼ c jiðsi; aiÞ 	 c j

iðsiÞ þ gðsi;wj
iÞTai; ð25Þ

c j
iðsiÞ represents the constraint value at state s, where i

represents the ith UAV and j represents the jth constraints.
wj

i represents the weights of a Neural Network. gðsi;wj
iÞ

takes s as input and outputs a vector of the same dimension
as ai. This linear safety-signal model can approximate the
immediate constraint value at state s after taking action a.

To train this model, we generate D ¼ fsi; ai; s 0i; c jig by
initializing agents with a random state and choosing actions
randomly. By using the generated dataset, we can train with
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Fig. 4. This is the overall framework of Multi-agent Reinforcement Learning. We start by training an action correction module that
outputs a constraint value based on state s and action a. Second, this action correction layer is used to correct the action output by the
actor-network. The critic network is trained to judge the quality of the decision based on the input s and a.
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the following loss function:

Lðwj
iÞ ¼

X
ðsi;ai;s 0iÞ2D

ðc jiðs 0Þ � ðc jiðsÞ þ gðsi;wj
iÞTaiÞÞ2: ð26Þ

With the linear safety-signal model, we can augment the
policy networks of MARL by adding an additional action
Correction module. When choosing a reinforcement
learning algorithm for multi-agent systems, MADDPG is
an ideal choice because of its characteristics of central-
ized training and distributed execution. The algorithm
can effectively deal with continuous action space and
realize complex policy learning in a multi-agent interac-
tion environment through its Actor-Critic architecture. In
addition, MADDPG is designed to consider the interaction
between agents, which shows excellent learning effects
and adaptability in multi-agent cooperative and compet-
itive tasks. Therefore, MADDPG is an attractive algorithm
choice for application scenarios that require a high de-
gree of collaboration and strategic interaction between
agents.

This framework is composed of an actor-network that
approximates the policy and a critic network that estimates
the value function. The actor-network outputs’ actions are
based on the current state, while the Critic network eval-
uates the quality of these actions. The overall objective of
MADDPG is to enable agents to learn cooperative behavior
in complex environments where the optimal action for one
agent depends on the actions of other agents. By utilizing
this approach, agents can learn to coordinate their actions
and achieve higher rewards, leading to improved perfor-
mance in multi-agent systems.

The actor network’s objective is to maximize the
expected cumulative reward. The optimization objective
can be formulated as follows:

r�i Jð�iÞ ¼ Es;a�D

�
r�i�iðaijoiÞ

� rai Q
�
i ðs; a1; . . . ; aNÞjai¼�iðoiÞ

�
; ð27Þ

where �i represents the actor-network parameters, �i

represents the continuous policies, s is the observation of
the UAV, the experience replay buffer D contains the tuples
ðs; s 0; a1; . . . ; aN; r1; . . . ; rNÞ, Q�

i represents the critic net-
work.

The Critic network’s goal is to evaluate the actions se-
lected by the actor-network. The optimization objective can
be expressed as follows:

Lð�iÞ ¼ Es;a;r;s 0 Q
�
i ðs; a1; . . . ; aNÞ � y½ �2;

y ¼ ri þ �Q� 0
i ðs 0; a 0

1; . . . ; a
0
NÞ
����
a 0
j¼� 0

jðojÞ
; ð28Þ

where � represents the critic-network with delayed para-
meters � 0

i, Q
�
i ðs; a1; . . . ; aNÞ denotes the Critic value function

for state s and action a, and y is the target value function
calculated through the Bellman equation.

We can then add the GACM after �i to refine action,
which enhances safety by solving

Liðai; �Þ ¼
1
2
jjai � �iðsiÞjj2 þ

XK
i¼1

�iðc
j

i
ðsiÞ

þ gðsi;wj
iÞTai � C j

iÞ; ð29Þ
where K represents the number of constraints and �iðsiÞ
represents the actor network of the ith UAV. Following
Dalal [138], we can solve the above formula to obtain the
correction function of the action. Incorporating an action
correction layer into the policy network of each UAV can
significantly mitigate the occurrence of perilous actions.
The effectiveness of the correction layer can be verified in
the subsequent experiments.

5. Experiment

5.1. Setting

In order to simulate different situations that UAVs may face
in real life, we have built an urban environment that con-
sists of multiple scenarios. We construct a highly simulated
urban scene on the simulation platform, in which the layout,
location and height of urban buildings accurately simulate
the characteristics of the real world urban skyline, and ef-
fectively reproduce the complexity of urban airspace. To
simulate the diversity of real urban environments, we have
randomly distributed the buildings in terms of their height
and location.

In this experiment, a total of three UAVs are involved in
the PP task. Each UAV has the same size and needs to pass
through the gaps and voids in the urban environment. We
set a maximum flight speed for the UAV to ensure that the
UAV can maintain a balance between fast response and
collision avoidance. We set three target points in the city.
The randomness of the target points ensures true mission
variability in the flight environment.

The experiments were conducted on a high-performance
computing setup featuring an NVIDIA GeForce RTX 2080 Ti
GPU, complemented by 32 GB of RAM. We use Python 3.7,
leveraging the PyTorch 1.7.1 framework for its efficient and
flexible neural network capabilities.

Specifically, we designed and developed a city environ-
ment using Unity version 2022.3.8f1c1. This platform
allowed us to create detailed urban scenarios with various
interactive elements, thereby providing a dynamic setting
for multi-agent interactions [139].
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Each agent within the MADDPG framework was equip-
ped with an actor network and a critic network. Both net-
works comprised three fully connected layers with hidden
layer sizes of [64], utilizing ReLU activation functions for
nonlinearity. The actor network output was subjected to a
Tanh activation function, while the Critic network main-
tained linear activations for direct reward prediction.

The Adam optimization algorithm was utilized for
updating the network weights, with learning rates set at
1� 10�4 for the actor and 1� 10�3 for the critic, respec-
tively. A weight decay of 0:0001 was applied to promote
generalization and prevent overfitting.

Each training episode consisted of 500 time steps, and a
total of 10,000 episodes were executed to ensure thorough
learning. At intervals of every 50 episodes, we conduct 20
validations to assess the model’s efficacy.

5.2. Results

5.2.1. Multi-UAV task allocation

In the research of multi-UAV TA, the main objective of this
paper is to find a TA result that minimizes the total flight
path length of all UAVs. Therefore, the total flight path
length is used as the evaluation metric, as shown in Eq.
(17). Another evaluation metric is Nc, which is the number
of iterations that reach the desired accuracy.

N represents the number of UAVs, and T represents the
number of tasks. The total flight path length is calculated by
summing the path lengths of each UAV as it reaches all
target points in its task queue.

For the research onmulti-UAV TA algorithms, a chaotic PSO
algorithm based on L�evy flight mutation is ultimately pro-
posed. Before each actual flight mission execution, a unified
system performs the TA to ensure that the targets each UAV
needs to reach are nonredundant and that the total flight path
length is minimized. In terms of baseline algorithm selection, a
set of comparative experiments was conducted, as shown in
Table 2. This study compares the performance offive different
baseline algorithms in multi-UAV multi-target PP tasks, spe-
cifically including GA, ACO, PSO, Pigeon-Inspired Optimization
(PIO), and the standard PSO algorithm. The experimental
results of the improved PSO algorithm are also listed.

From the experimental results, it can be seen that the
improved PSO algorithm performs the best among all
algorithms, with a total flight path length of 287.67m.
This indicates that the algorithm can effectively reduce the
flight distance of UAVs in PP, enhancing the optimization
degree of the path. In contrast, the Pigeon-Inspired Opti-
mization (PIO) algorithm has the highest total flight path
length, reaching 319.54m, showing its lower efficiency in
this specific task. This result may be related to the limita-
tions of the PIO algorithm in handling multi-target

environments, as it mainly relies on local search strategies
and may not effectively explore the global optimal solution.

ACO and GA have similar performances, with total flight
path lengths of 301.89 m and 305.34 m, respectively. Both
algorithms perform comparably in PP, but ACO is slightly
better. This could be attributed to ACO’s adaptability and
search efficiency in dynamic environments, allowing it to
better handle the complex relationships between target
points. The PSO algorithm has a total flight path length of
314.81 m. Although its performance is not as good as the
aforementioned algorithms, it still shows some optimization
potential, especially in certain specific scenarios.

It is evident that among the baseline algorithms, the PSO
algorithm is the most effective, and the optimization effect
of the improved PSO algorithm is the best. Subsequent
experiments will further verify the effectiveness of the
improvements to the PSO algorithm, which mainly include
chaotic mapping in the initialization phase and fusion mu-
tation during the iterative process.

To ensure a more uniform distribution of the initial
population, this study conducted comparative experiments
using different chaotic mapping algorithms. As shown in
Table 3, the experimental results indicate that the Cheby-
shev mapping algorithm performs the best in terms of total
flight path length, achieving 289.74m. This result is signif-
icantly better than the other algorithms, which may be at-
tributed to the Chebyshev mapping’s ability to explore the
local search space more effectively, enabling the meta-
heuristic algorithm to find better solutions. The results for
the Logistic mapping and Bernoulli mapping are relatively
close, at 296.30 m and 295.68 m, respectively.

Table 2. Total flight path length for different algorithms. L is the
total path length. Nc is the number of iterations that reach the
desired accuracy. The best results are in bold. The rest of the
paper follows the same notation.

Algorithm L# Nc#

GA [140] 305.34 1800
ACO [141] 301.89 1500
PIO [142] 319.54 1200
PSO [143] 298.77 1100
Proposed 287.67 750

Table 3. Comparative experiments of chaotic mapping algorithms.

Algorithm L# Nc#

Tent mapping 299.67 1500
Logistic mapping 296.30 1200
Bernoulli mapping 295.68 1100
Sinusoidal mapping 300.33 1600
Chebyshev mapping 289.74 900
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This indicates that these two mapping methods can provide
reasonable path lengths during the initialization phase, al-
though their efficiency is still inferior to that of the Cheby-
shev mapping. This outcome is related to the limitations of
the Logistic and Bernoulli mappings in solving complex
optimization problems, particularly in handling nonlinear
relationships and multimodal functions, where their lack of
adaptability may lead to higher path lengths. Therefore, this
study ultimately chose the Chebyshev mapping to optimize
the initialization phase of the population solutions.

Similarly, during the iterative process, the population
solutions are optimized towards the optimal direction.
However, to avoid the population solutions from falling into
local optima, different fusion mutation algorithms were
experimented with on the updated solutions. The experi-
mental results are shown in Table 4. From the results, it can
be observed that the L�evy flight algorithm performs the
best in terms of total flight path length, achieving 288.91m.
This is due to its ability to achieve broader exploration in
the search space and effectively jump out of local optima,
thereby significantly reducing the flight path length.

The Cauchy mutation perturbation also performs well,
with a total flight path length of 289.85 m. This is related to
the heavy-tailed characteristic of the Cauchy distribution,
which provides strong exploration capabilities near local op-
tima, helping to find better path configurations. In contrast,
the Gaussian mutation and t-distribution perturbation per-
form relatively poorly, with total flight path lengths of
290.18m and 294.56m, respectively. Therefore, this study
ultimately chose the L�evy flight algorithm for fusionmutation.

5.2.2. Multi-UAV path planning

To more accurately assess the performance of multi-UAV
PP, this study introduces several widely used metrics for
different tasks.

Success Rate Psr; Psr 2 ½0; 1� is the proportion of rounds
in which UAVs complete all tasks without collisions, as
shown in the following equation:

Psr ¼
PN

i¼1 IðSiÞ
N

: ð30Þ

Here, N is the total number of experiments conducted. IðSiÞ is
an indicator function. If all UAVs reach all target pointswithout
collisions in the ith round, then IðSiÞ ¼ 1. Equation (30) isused
to calculate the success rate of UAVs in task execution.

Obstacle collision probability Poc; Poc 2 ½0; 1� is the pro-
portion of episodes in which UAVs collide with obstacles, as
shown in the following equation:

Poc ¼
PE

i¼1 IðCo;i > 0Þ
E

; ð31Þ

where IðCðo;iÞ > 0Þ represents the number of collisions with
obstacles in the ith episode. If the number of collisions is
greater than 0, then IðCðo;iÞ > 0Þ ¼ 1. This formula is used to
calculate the proportion of rounds in which UAVs collide
with obstacles.

Teammate collision probability Ptc; Ptc 2 ½0; 1� is the
proportion of episodes in which UAVs collide with their
teammates, as shown in the following equation:

Ptc ¼
PE

i¼1 IðCt;i > 0Þ
E

; ð32Þ

where Cðt;iÞ presents the number of collisions with UAV
teammates in the ith episode. If Cðt;iÞ is greater than 0, then
IðCðt;iÞ > 0Þ ¼ 1. This formula is used to calculate the pro-
portion of rounds in which UAVs collide with their team-
mates.

For the multi-UAV PP task, the central system first per-
forms unified TA for the UAVs, where each UAV has its own
target to reach. Then, multi-agent reinforcement learning
algorithms are used for trajectory planning. The GACM-
MARL algorithm proposed in this paper is based on the
MADDPG algorithm, with the addition of an
attention mechanism-based UAV communication module
and a safety reinforcement learning-based action correction
module.

For the selection of baseline models, a series of compar-
ative experiments were conducted, as shown in Table 5. The
focus was on evaluating the performance of four baseline
models: IPPO, COMA, MAPPO and MADDPG. The improved
model’s performance was also listed. The experimental
results were quantitatively evaluated using four key metrics,
there are the average reward, mission success rate, the

Table 5. Performance metrics of algorithms.

Algorithm Mean reward" Psr" Poc# Ptc#

IPPO [144] 75.57 0.43 0.42 0.12
COMA [145] 138.04 0.56 0.28 0.12
MAPPO [146] 147.07 0.58 0.21 0.08
MADDPG [122] 185.80 0.66 0.22 0.10
Proposed 207.89 0.76 0.13 0.04

Table 4. Comparative experiments of fusion mutation
algorithms.

Algorithm L# Nc#

Gaussian mutation 290.18 1500
t-Distribution perturbation 294.56 1200
Cauchy mutation 289.85 1000
Differential mutation perturbation 296.33 1300
L�evy flight 288.91 800
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proportion of rounds with collisions with obstacles and
proportion of rounds with collisions with UAV teammates.

The experimental results show that GACM-MARL per-
formed excellently across all evaluation metrics. The aver-
age reward reached 207.89, the mission success rate was
0.76, the proportion of rounds with collisions with obsta-
cles dropped to 0.13, and the proportion of rounds with
collisions with teammates further decreased to 0.04.

This indicates that the introduction of the UAV communi-
cation module and the action correction module signifi-
cantly improved the algorithm’s ability to avoid obstacles in
multi-UAV cooperation and PP.

Among the baseline models, the MADDPG algorithm
performed exceptionally well. This is attributed to
MADDPGs strategy of centralized training and decentralized
execution, which allows agents to share global information

Table 6. Results of the ablation study.

Task allocation Obstacle collision UAV collision Average reward" Psr" Psr# Ptc#

— — — 185.80 0.66 0.22 0.10
ü — — 192.20 (þ6:40) 0.71(þ0:05) 0.24(þ0:02) 0.13(þ0:03)
ü ü — 205.74 (þ19:94) 0.74(þ0:08) 0.13(�0:09) 0.08(�0:02)
ü ü ü 207.89(þ22:09) 0.76(þ0:10) 0.13(�0:09) 0.04(�0.06)

(a) (b)

(c) (d)

Fig. 5. Comparative Experiments on Multi-UAV PP. (a) Mean rewards. (b) Success rate (c) Collision rate of obstacles. (d) Collision rate of
UAVs.
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during the training phase, thereby enhancing cooperation
among agents. This information-sharing mechanism enables
MADDPG to effectively handle PP and obstacle avoidance in
complex environments.

Although the MAPPO algorithm showed slightly better
obstacle avoidance capabilities than MADDPG, it still lagged
behind MADDPG in terms of overall mission success rate.

The IPPO algorithm’s performance was noticeably insuffi-
cient in this experiment. The policy gradient method used by
IPPO lacks global awareness of other agents’ states in a multi-
agent environment, making it difficult to effectively coordinate
actions with other UAVs. This limitation negatively impacted
its mission success rate and overall performance.

Based on the above analysis, it is evident that using the
MADDPG algorithm as a baseline model is the optimal
choice. Moreover, the improvements proposed in this study,
building upon this algorithm, have proven to be highly ef-
fective. The convergence curve throughout the entire pro-
cess is illustrated in Fig. 5.

For the multi-UAV PP task, this paper proposes a series
of improvements based on the MADDPG model. An im-
proved PSO algorithm is integrated at the central end to
allocate tasks to all UAVs, ensuring reasonable task distri-
bution for each UAV. To further enhance obstacle avoidance
capabilities, an action correction module is added to the
policy layer network of each UAV. This action correction
module corrects the outputs of the policy layer network,
ensuring that the UAVs actions comply with defined safety
constraints. Specifically, two types of safety constraint
functions are introduced to control UAVs, preventing colli-
sions with obstacles and dynamic UAV teammates.

To assess the contributions of each component, an ab-
lation study was conducted, where modules were incre-
mentally added to the standard MADDPG model, allowing a
clear evaluation of the impact on performance and
informing potential future improvements.

As shown in Table 6, this study assessed the impact of
different module combinations on the multi-UAV PP task.

The experimental results indicate that with the gradual
introduction of the TA module, communication module, and
collision correction module, both the average reward and
success rate exhibit an upward trend.

When the TA module is introduced alone, the average
reward increases to 192.20, and the success rate rises to
0.71, although the collision probability slightly increases
(0.24). This indicates that the module plays a positive role
in optimizing UAV scheduling strategies. Since the maxi-
mum compensation per round is limited to 300 in this
study, without a good scheduling strategy, UAVs cannot
reach all target points within the limited steps. However, it
still shows inadequacies in handling obstacles.

With the introduction of the obstacle and UAV collision
correction modules, the average reward and success rate
are observed to reach 205.74 and 0.74, respectively, even-
tually achieving 207.89 and 0.76 in Experiment 4. Notably,
the addition of the obstacle collision correction module
significantly reduces the probability of colliding with
obstacles to 0.13, while the proportion of collisions with
UAV teammates also decreases to 0.04. This demonstrates
that the collision correction module plays a crucial role in
enhancing the safety of PP, reflecting the continuous im-
provement in system safety. The action correction module
in this study optimizes constrained problems to correct the
output of the action by the policy layer network, thereby
achieving obstacle avoidance. See Fig. 6 for the trajectory
diagram of multi-UAV PP obtained using the proposed
method.

6. Conclusion and Future Works

This paper presents a two-stage multi-UAV PP framework.
In the first stage, we employ an improved PSO algorithm for
TA, assigning a completely unique task queue to each UAV,
enabling the UAV swarm to efficiently complete its mis-
sions. In the second stage, we utilize an improved MADDPG

(a) (b) (c)

Fig. 6. (Color online) Trajectory diagram of multi-UAV path planning (Red Line for UAV1, Green Line for UAV2, Blue Line for UAV3).
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algorithm for PP, incorporating an action correction module
independent of the reinforcement learning algorithm for
each UAV, which enhances obstacle avoidance capabilities.
Experimental results demonstrate that this framework
excels in multi-UAV collaborative tasks, significantly im-
proving task completion efficiency and path safety.

Future work will focus on optimizing the real-time per-
formance and adaptability of the algorithms. We plan to
explore online learning mechanisms based on deep learn-
ing, allowing UAVs to dynamically adjust their TA and path
planning strategies in response to environmental changes.
Additionally, we will investigate collaborative working
methods for different types of UAVs to further enhance the
system’s flexibility and efficiency.
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